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ABSTRACT
Soil denitrification is a critical component of nitrogen (N) cycling on Earth. It is a
microbially-mediated process that removes N from soils by reducing nitrate (NO3-), a
highly bioavailable molecule and significant contributor to eutrophication, to gaseous
forms of N (N2 or N2O). Riparian areas, which are located at the interface between
terrestrial and aquatic ecosystems, are areas of elevated denitrification rates, as they
frequently exhibit favorable conditions for this process. Denitrification provides a critical
ecosystem service by reducing N inputs to streams and rivers. However, this process is
highly variable in time and space, making it difficult to predict when and where riparian
soil denitrification occurs and contributes significantly to N removal. It is therefore critical
to understand when, where, and how the controls on this process fluctuate. Changes to
physical and chemical soil conditions (e.g., oxygen (O2) and substrate availability, soil
moisture and temperature) modulates the biological response through expression of
functional denitrification genes, which strongly controls instantaneous denitrification rates.
This dissertation therefore targets both physical and chemical (i.e., environmental) controls
on denitrification, as well as the biological indicators of this process, including the
abundance of functional denitrification genes and denitrifier community composition.
I first address the heterogeneity of riparian soil O2, a key control on denitrification,
as this process can only occur in the absence of O2. I use a machine-learning approach to
pinpoint combinations of soil conditions that lead to contrasting O2 regimes. While it is
often assumed that high soil moisture leads to low soil O2, my results indicate that this is
not always the case. Riparian soil O2 varies seasonally and with soil moisture, but variable
combinations of soil and site-specific hydrologic conditions complicate the relationship
between soil water content and O2. Next, I assess seasonal and spatial (i.e., landscape
position and adjacent land use) variability in denitrifier community composition using a
cutting-edge DNA sequencing technology. The results indicate that denitrifier community
composition is stable across seasons but is sensitive to contrasting soil moisture and O2
regimes within a given site. Finally, I assess links between environmental and biological
(i.e., functional nitrification and denitrification gene abundance) controls on denitrification
rates during the spring snowmelt period. The results suggest that the utility of gene
abundance in predicting the denitrification capacity of soils is site-specific.
The findings from this dissertation indicate that soil O2 generally fluctuates
seasonally, with soil moisture, and that low O2 events most frequently occur under cool
and wet soil conditions. However, there are deviations from this pattern, which highlight
problems associated with predicting soil O2 solely based on soil moisture. This dissertation
also provides evidence that denitrifier community composition is strongly regulated by soil
conditions that control the availability of electron acceptors. The dissertation results also
suggest that the utility in incorporating the biotic community to assess denitrification
variability is site-specific, as we observed strong links between gene abundance and
denitrification rates at only one study site with unique hydrologic features.
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CHAPTER 1: THE POTENTIAL ROLE OF RIPARIAN SOIL
DENITRIFICATION IN MITIGATING VERMONT’S WATER QUALITY
ISSUES
Ecosystem nitrogen imbalances can lead to water quality deterioration
Life on Earth could not exist without nitrogen (N), but this essential element can
cause disruptions when introduced in excess to N-sensitive ecosystems. The supply of
biologically available N impacts the productivity of entire ecosystems (Havens, 2008).
Nitrogen supports human, animal, and plant life, as it is a major component of amino acids
(building blocks of cellular proteins) and nucleic acids (e.g., deoxyribonucleic acid
(DNA)). Nitrogen is also a critical macronutrient for plant development and function, and
is a key component of chlorophyll, the pigment plants use to absorb light for use in
photosynthesis. The majority (78%) of Earth’s atmosphere is an inert form of nitrogen,
dinitrogen gas (N2). Due to its triple covalent bond that makes the molecule nonreactive,
dinitrogen gas is metabolically useless to more than 99% of microorganisms (Fields, 2004).
Life requires reactive, inorganic forms of N (i.e., ammonium (NH4+), nitrite (NO2-), nitrate
(NO3-)), which are stored in scarce abundance as natural mineral deposits. A secondary
mechanism for harnessing inorganic N is the conversion or fixation of N2 to NH4+
performed by soil microorganisms and algae. Nitrogen – fixing soil bacteria colonize root
hairs of host plants and provide NH4+ to their symbionts, who use it for growth and
development. However, only specific types of plants (i.e., legumes) are supplied with
inorganic N via this method. Nearly all N originates from N-fixation, but most plants utilize
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the finite source of metabolically available N that is stored within soils (Galloway et al.,
2003).
The amount of N required to provide sufficient food, fuel, and fiber for the planet’s
increasing population far exceeds the amount that Earth naturally provides. Prior to World
War II, N fertilizer was sourced exclusively from mined sodium nitrate and bird guano
(Galloway et al., 2004). However, as the population grew, the demand for N fertilizers
surged. In the early 20th century, an artificial N fixation method called the Haber – Bosch
(HB) process was invented, which converts nonreactive N2 to ammonia (NH3). This
process quickly led to the industrialization of agriculture and is thus considered by many
scientists and scholars as the most important technological advancement of the 20th century
(Erisman et al., 2008). Although the artificial fixation of N markedly increased global
agricultural productivity, this advancement has led to severe, unintended environmental
consequences. Modern demands for N fertilizer remain high, but the amount of N gained
from food production is less than the amount of N applied. For example, in 2005, of the
approximate 200 Tg N synthesized by HB and used for agriculture, only 17 Tg N was
consumed by humans as agricultural products (Glibert et al., 2005).
The mobilization of reactive N from the landscape to waterbodies has doubled since
pre-industrial times, which has had severe impacts on coastal ecosystems (Gruber &
Galloway, 2008). Nutrient – rich agricultural runoff and wastewater discharge are currently
elevated to levels that result in eutrophication (i.e., excessive nutrient enrichment) of
waterways, which is now considered one of the largest pollution issues on Earth (Glibert
et al., 2005). Coastal marine and freshwater ecosystems are especially sensitive to N
2

overloading, as N availability limits primary production. Eutrophication of these systems
frequently results in harmful algal blooms (HABs) (i.e., overgrowth of toxin – producing
cyanobacteria), which cause a variety of water quality problems. Toxins emitted by
harmful algal blooms contaminate drinking water supplies and force recreational activities
to halt. Further, decomposition of algae blooms can deplete O2 levels, which can create
dead zones, or cause fish kills. Harmful algal blooms therefore have severe consequences
for the environment and local economies, and as such, considerable effort is directed
toward preventing them.
Vermont’s N pollution problem
Waterbodies surrounded by agricultural landscapes are especially vulnerable to N
overloading and eutrophication. Lake Champlain, located between New York, Vermont,
and the Canadian province of Quebec, has historically suffered from severe algal blooms
that are directly linked to nonpoint agricultural runoff (US EPA, 2015). While Vermont’s
land cover is primarily forested/open space (>80%) (Wironen, 2016), its economy is
heavily dependent upon its agricultural industry, which is the largest in New England
(Vermont Agency of Agriculture, Food, and Markets, 2015). Only 14% of Vermont’s
landscape is used for agriculture, but the State’s farm fields are concentrated within the
lowlands of the Champlain Valley, and in floodplains of Lake Champlain’s tributaries. For
example, the Missisquoi river accounts for 79% of total discharge to Missisquoi bay and
flows through a watershed that is 25% agricultural (Levine et al., 2012). Accordingly, Lake
Champlain suffers from the detrimental impacts of eutrophication, HABs, and water
quality degradation associated with nutrient overloading. Since the 1970s, conservation
3

efforts and environmental policy have aimed to lower phosphorus (P) and N inputs to the
Lake. However, this issue is exceedingly complex, and scientists, policy makers, and
community members continue in their attempts to resolve it.
Denitrification provides a critical ecosystem service
The Earth’s soils, which are the foundation of terrestrial ecosystems, are highly
complex habitats that contain organic matter, minerals, gases, and water. Soils thrive with
microbial and plant life and are therefore supportive environments for nutrient (N, P,
carbon (C)) cycling and sequestration. Riparian soils, which are located at the boundary of
terrestrial and aquatic ecosystems, are primed for N sequestration via sediment trapping,
plant uptake, microbial immobilization, and denitrification (Griffiths et al., 1997). The
microbially – mediated process of denitrification plays a critical role in reducing N loading
to adjacent streams and rivers by converting nitrate (NO3-), a molecule linked to HABs,
into N2, an inert form of N, or nitrous oxide (N2O). Nitrous oxide is a potent greenhouse
gas with a global warming potential 256-298 times that of carbon dioxide (Ranalli &
Macalady, 2010). It is therefore crucial to fully understand the mechanisms governing this
process that can generate atmospheric pollution. Denitrification rate and efficiency are
primarily controlled by the availability of organic C substrates, nitrate, oxygen (O2)
content, soil pH, and soil temperature (Wallenstein et al., 2014). Because of their position
on the landscape, riparian soils frequently receive nutrient – rich runoff and experience O2
fluctuations that are favorable for denitrification (Vidon & Hill, 2004). Riparian areas are
therefore considered denitrification ‘hot spots’, or areas of elevated process rates
(Groffman & Gold, 1998). The conservation and restoration of riparian areas, especially in
4

agricultural watersheds, is therefore a commonly implemented nutrient management
strategy (Knopf et al., 1988).
Denitrification provides a highly valuable ecosystem service by removing N from
the terrestrial environment when it is in excess supply. However, it is difficult to predict
when and where this process will occur, as it is highly complex and variable in time and
space (Bouwman et al., 2013). For example, O2 dynamics fluctuate with soil moisture and
microbial activity, both of which vary seasonally and across gradients of landscape position
and land use. Predicting when and where denitrification will intercept and remove NO3from the soil environment is challenging.
Furthermore, it is uncertain how the denitrification capacity of riparian soils will be
altered by the effects of global climate change (Capon et al., 2019). In the Northeast United
States, the frequency of extreme weather events (e.g. heavy rainfall, droughts) is projected
to increase with global atmospheric temperatures (Williams et al., 2001). Such weather
events alter the landscape in ways that could lower denitrification efficiency, which is
likely to have negative impacts on water quality. For example, short, intense rainfall events
generate significant surface runoff that may not infiltrate the soil (Needelman et al., 2004).
In this scenario, N – rich runoff is likely to bypass denitrifier communities and be mobilized
directly to adjacent streams or rivers.
Monitoring the biotic community in the context of denitrification
Because of its complexity, denitrification has received considerable research
attention with the aim of mechanistically understanding what drives process rates. Using
path analysis, Petersen and others (2012) provided a simplistic synopsis of the complex
5

web of interactions that modulate denitrification rates. They found that changes to physical
and chemical soil conditions (e.g., O2 and substrate availability, soil moisture and
temperature) trigger a microbial response (i.e., altered expression of functional
denitrification genes) that strongly influences potential denitrification rates. These findings
emphasize the importance of including such measurements in empirical denitrification
studies. Monitoring the biotic (i.e., microbial) community along with other key controls on
this process may provide a more complete understanding of its variability in time and
space. This dissertation therefore incorporated traditional soil science methods with
advanced molecular techniques to measure changes to denitrifier communities along
various spatial and temporal gradients.

Figure 1. Schematic that describes the links between soil conditions, the biotic community,
and denitrification rates, and indicates the topics addressed by the three dissertation
chapters.
The Dissertation
This dissertation assesses variability in the controls on denitrification rates across
gradients of time (i.e., seasonally, and in response to weather events) and space (i.e., land
6

use and landscape position) within riparian soils with the aim to better characterize
denitrification variability. I monitored the environmental controls on denitrification (i.e.,
physical and chemical soil conditions), biological indicators of this process (i.e., microbial
community composition and abundance of functional genes), and denitrification rates. In
Chapter 2, I identify suites of soil conditions that resulted in favorable soil O2 levels for
denitrification at our sites. Chapter 3 addresses changes to soil conditions and denitrifier
community composition between sites, and across seasons, and landscape positions. The
final chapter assesses links between soil conditions, denitrifier gene abundance, and
denitrification rates during the dynamic spring snowmelt period (Figure 1).
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CHAPTER 2: USING SELF-ORGANIZING MAPS TO INVESTIGATE DRIVERS
OF RIPARIAN SOIL OXYGEN VARIABILITY
Abstract
Oxygen (O2) is a key regulator of soil reduction-oxidation processes and therefore
modulates biogeochemical cycles on Earth. The difficulties associated with accurately
capturing soil O2 variability have prompted the use of soil moisture as a proxy for soil O2,
which is based on the low solubility of O2 in water. Due to seasonal shifts in the biotic and
abiotic mechanisms that control soil O2 depletion, the use of soil moisture as a proxy
measurement for O2 could result in inaccurate O2 estimations. For example, a decoupling
of soil moisture from the O2 response may occur during cool months when soil respiration
rates are low. We used a machine learning technique, the Self-Organizing Map, to identify
drivers of O2 variability in riparian soils, and pinpoint suites of soil conditions that are
associated with contrasting O2 regimes. Our results confirm that riparian soil O2 levels vary
seasonally, and with soil moisture, as most low O2 levels were associated with cool and
wet soil conditions, whereas the majority of high O2 conditions occurred under warm and
dry conditions. However, high soil moisture levels did not always lead to low O2, as 38%
of high O2 values occurred under cool and wet conditions. Our results highlight problems
associated with predicting soil O2 solely based on soil moisture, as variable combinations
of soil and site-specific hydrologic conditions can complicate the relationship between soil
water content and O2. A more detailed understanding of the controls on soil O2 dynamics
would improve process-based ecosystem and denitrification models, as many rely solely
on soil moisture to estimate O2 availability.
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Introduction
Oxygen (O2) is the quintessential electron acceptor and therefore drives
biogeochemical cycling on Earth. Its availability within soil pores strongly modulates soil
oxidation-reduction (redox) potential, thereby controlling which energy yielding soil
biogeochemical reactions proceed (Hefting et al., 2004; Silver, et al., 1999). For example,
decreases in soil O2 reduce redox potential, causing facultative and obligate anaerobic
microorganisms to shift their energy-yielding respiration processes to utilize alternative
electron acceptors. Oxygen availability therefore impacts the capacity of soils to transform
nutrients, such as carbon (C) and nitrogen (N) via processes like heterotrophic aerobic
respiration and denitrification, respectively (Liptzin et al., 2011). For example, the
transformation of nitrate (NO3-), a soluble form of N that is limiting to primary productivity
in freshwater and marine ecosystems, to gaseous forms of N (N2O and N2) via
denitrification, is a major N removal pathway (Hefting, 2003). This process can reduce N
loading to water bodies, but it will not proceed if O2 is abundant. Oxygen availability
therefore controls denitrification rates and efficiency (Groffman et al., 1988; Bouwman et
al., 2013), playing a critical role in creating conducive environments for soil N removal.
As such, soil O2 regulates N2O emissions and N mobility (Groffman et al., 1988),
highlighting the importance of accurately characterizing shifts in soil O2.
Our ability to predict soil O2 concentrations across spatial and temporal gradients
is limited, however. This is a result of the complex network of biotic and abiotic soil
factors, as well as climatic conditions, that interact to modulate soil O2 dynamics, resulting
in widespread spatial and temporal soil O2 variability (Silver et al., 1999). Soil O2 levels
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are regulated by the diffusion of O2 into and displacement of O2 out of soil pores by water
(physical processes), and the consumption of O2 via soil respiration (a biological process)
(i.e., aerobic microbial, plant root, and faunal respiration) (Moyano et al., 2013; Neira et
al., 2015; Ponnamperuma, 1972). Because O2 has a very low solubility in water (Moldrup
et al., 2000), the presence of water inhibits O2 diffusion from the atmosphere to soil pores
(Skopp et al., 1985). Thus, the combined effects of inhibited O2 diffusion and displacement,
and soil respiration typically result in O2 depletion if reaeration of soil pores is prevented
(Neira et al., 2015; Ponnamperuma, 1972). Furthermore, variability in soil O2 is difficult
to manually monitor in-situ (i.e., using handheld soil probes or gas chromatography), and
the collection of high spatial and temporal resolution O2 data is costly, as it requires soil
probes and data logging capabilities.
The challenges associated with measuring gaseous O2 in soils has led to the use of
soil moisture as a proxy measurement for O2 under the assumption that soil moisture is
inversely proportional to O2 concentration (Heinen, 2005; Ridolfi et al., 2003; Rubol et al.,
2013). This assumption has been implemented in many simplified process-based
denitrification sub-models embedded in N-cycling and ecosystem models (i.e., those that
do not account for microbial processes or gaseous diffusion). Some of these models include
power reduction functions in place of soil water content, which are modeled after an inverse
relationship between O2 and soil moisture. Examples include the NEMIS model (Hénault
& Germon, 2000), the LEACHMN model (Sogbedji et al., 2001), and the SHETRAN
model (Birkinshaw & Ewen, 2000). Simplified process-based denitrification models that
exclude direct O2 measurements have been found to exhibit high sensitivity to formulations
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that represent soil moisture (Hénault & Germon, 2000), which highlights that the
relationship between these variables must be validated and defined using empirical data.
Indeed, due to seasonal shifts in the mechanisms that control soil O2 depletion
(Silver et al., 1999), the use of soil moisture as a proxy measurement for O2 could result in
inaccurate O2 estimations. For example, water inputs (precipitation or groundwater) vary
seasonally, and are modulated by hydraulic conductivity. Water demand (i.e., vegetation
water uptake) also fluctuates seasonally and varies by plant species (Ewe et al., 2007).
Furthermore, O2 demand (rates of plant and microbial respiration), is primarily controlled
by soil temperature and soil water content and thus exhibits seasonal fluctuations (Kang et
al., 2003; Lavigne et al., 2004; Chen et al., 2010).
Because riparian zones are located at the interface of terrestrial and aquatic
ecosystems, they can function as hot spots for anaerobic biogeochemical soil processes
(Vidon et al., 2010) and are therefore ideal study systems for soil O2 dynamics. Due to their
unique position on the landscape, riparian soils experience frequent hydrologic changes
that alter soil moisture content, which can modify O2 availability. Changes in soil moisture
are triggered by hydrologic fluctuations, and the magnitude of these shifts depend on sitespecific riparian zone characteristics, such as topography, proximity to surface and
groundwater flows, the size and depth of the upland aquifer, and sediment hydraulic
properties. Riparian zones can also experience seasonal hydrologic fluctuations resulting
from changes in connectivity with the upland aquifer (Vidon & Hill, 2004) and variability
in water inputs due to seasonal precipitation patterns. Furthermore, site-specific dominant
vegetation types have unique water requirements, which could impact the physical soil
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wetting process. The diverse potential combinations of drivers of O2 levels in soil suggest
that the relationship between soil moisture and O2 may be nonlinear and highly dependent
on site-specific soil conditions, seasonal fluctuations in environmental conditions, and
ecosystem water and O2 demands.
Recent advancements in sensor technologies facilitate the simultaneous collection
of multiple soil parameters at high temporal resolution, including O2 and its relevant
controls (e.g., soil moisture, soil temperature, redox, CO2, precipitation). This enables us
to comprehensively assess potential drivers of soil moisture variability and the related O2
response. While high-frequency data for multiple parameters is advantageous for
ecosystem monitoring, it requires the use of tools that are specifically suited to analyze
multivariate and nonlinear data. The Kohonen unsupervised self-organizing map (SOM),
a type of artificial neural network, is a powerful clustering tool that can reliably analyze
such multivariate and nonlinear data (Rivera et al., 2015), making it an ideal approach for
detecting patterns in large environmental datasets. The SOM can overcome limitations of
traditional statistical methods, as it can tolerate outliers, non-normally distributed, noncontinuous data, and multicollinearity (Kundu et al., 2013; Merdun, 2011).
The SOM maps multivariate data to a two-dimensional map/lattice, where similar
data points are situated in close proximity. In contrast to other, more traditional clustering
algorithms, (e.g., k-means), the SOM approach enables visualization of variables that drive
clustering, and thus, is a potentially powerful statistical tool for leveraging the capacity of
high frequency sensor networks to monitor physical and biogeochemical parameters.
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Self-organizing maps have been successfully applied to resolve spatial and
temporal heterogeneity in complex systems within large soil and water quality databases
(Obach et al., 2001; Wu et al., 2008; Xiaoyong et al., 2019), as well as to classify sediment
(Alvarez-guerra et al., 2008) and soil types (Tissari et al., 2007). Additionally, the SOM
approach has been utilized to address questions concerning water resources and hydrology,
such as rainfall-runoff relationships (Lin & Chen, 2006), precipitation dynamics (Kalteh et
al., 2008), and links between physical soil properties and hydrologic soil processes
(Merdun, 2011). However, to our knowledge, these tools have not yet been used to detect
patterns in high frequency soil sensor time series.
We applied SOMs to test our overarching hypothesis that shifts in riparian soil O2
levels are predictively driven by combinations of key environmental controls, such as
ecosystem water delivery, and water and O2 demand. We hypothesize that, while these
controls are ubiquitous, the way they interact to impact soil O2 will be modulated by sitespecific characteristics and seasonal variability in their relative importance. To test our
hypotheses, we used the SOM to identify key drivers of variability in riparian soil O2
dynamics and combinations of conditions that lead to low and high O2 levels. We clustered
high frequency soil and meteorological data collected over three years from a poorly
drained wetland position within two riparian sites located in northeastern Vermont, USA.
We studied two riparian buffers with contrasting site characteristics (e.g., adjacent land
use, vegetative cover, site elevation), allowing us to test our hypotheses in two different
settings.
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Figure 2.2 (a) Topographic map of the state of Vermont, USA and the province of
Quebec, Canada. The Missisquoi basin, a subbasin of the Lake Champlain Basin, is
outlined in black. The Champlain Valley site, which is located within the Hungerford
Brook subwatershed (shaded in gray), is represented by a black circle. The Green
Mountains site, located within the Trout River subwatershed (shaded in red) is
represented by the red circle. (c) Aerial image of the Champlain Valley site (Sheldon,
VT). Black circle indicates where sensors are installed at CV site. (b) Aerial image of the
Green Mountains site (Montgomery, VT). Red circle indicates where soil sensors are
installed at GM site.
Methods
Study sites
To investigate and better characterize O2 variability within riparian soils, we
studied two riparian soil transects with contrasting catchment characteristics. Both
transects are located within Lake Champlain’s Missisquoi Watershed in Vermont, USA (
Figure 2.2) and are part of a larger soil monitoring network. This high frequency
soil sensor network continuously measures physical and chemical soil conditions 15 cm
below the soil surface along a gradient of landscape positions (i.e., spanning upland,
wetland, and near-stream locations). Included in this study are data collected from one low16

lying, poorly drained position within each transect, where soil O2 concentrations ranged
from anoxic to near atmospheric. One transect is situated within the Champlain Valley
(hereafter referred to as “CV” site), a primarily agricultural catchment in Sheldon, VT. The
other transect is located within a 95% forested catchment with minimal anthropogenic
impact that is located within the Green Mountains (hereafter referred to as “GM” site),
approximately 7 km north of the town of Montgomery, VT (Landsman-Gerjoi et al., 2020).
The elevation range of the CV site spans 101 to 106 m above sea level. Vegetation
at this site includes American beech (Fagus grandifolia) trees, and various fern species
(group Pteridophytes) and nettles (Urtica dioica) (Landsman-Gerjoi et al., 2020). Soil
types at the CV site include Inceptisols (Aquic Dystric Eutrudepts) and Entisols from
glaciolacustrine and glaciofluvial fluvial material (i.e., Aquic Udipsamments and
Fluvaquentic Dystrudepts) (Ross 2019; Soil Survey Staff, 2019). The GM site is higher in
elevation (350-365 m above sea level) and its vegetation is characteristic of a secondary
growth northern hardwood forest, including sugar maple (Acer saccharum), yellow birch
(Betula alleghaniensis), white ash (Fraxinus Americana) and red spruce (Picea rubens)
(Landsman-Gerjoi et al., 2020). Soils at the GM site are Inceptisols (i.e., Fluvaquentic
Dystrudepts and Fluvaquentic Endoaquepts) (Ross, 2019; Soil Survey Staff, 2019). Both
study sites experience a temperate climate with four distinct seasons, including snowdominated winters (22% and 24% of annual precipitation at CV and GM site, respectively),
a snow melt period, temperate summers with occasional rains, and a fall season with high
litter input (Landsman-Gerjoi et al., 2020). Differences in elevation result in contrasting
meteorological conditions between the two sites (Table 2.1).
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Groundwater levels at the CV sampling location generally decrease during the
growing season (early May - early October; average = 0.82 m below the soil surface) and
increase during cooler months (average = 0.38 m below the soil surface). Contrastingly,
average groundwater levels at the GM sampling location are significantly higher (p<0.001;
average = 0.05 m below the soil surface) and remain elevated throughout the year. The
combination of distinctive elevation, atmospheric characteristics (Table 2.1), and
groundwater characteristics between sites could alter water inputs, water demand, and O2
demand in ways that result in contrasting O2 dynamics.
Table 2.1 Meteorological conditions observed throughout the sampling period at each
site, separated by season. The data were collected from meteorological stations
installed at each site. PAR stands for photosynthetically active radiation.
Season

Months

Winter

Dec.
Feb.

Spring

Mar.
May

Summer Jun.
Aug.

Fall

Sept.
Nov.

Site

Cumulati Mean
Mean
ve precip. Ambient PAR
(cm)
(uE)
T (°C)

Mean
Solar
radiation
(W/m²)

Mean
Relative
humidity
(%)

– CV

15.06

-5.93

265.53

162.91

80.50

GM

18.34

-6.48

46.89

22.64

85.44

– CV

23.52

5.23

326.26

256.78

75.12

GM

27.86

4.00

196.72

100.30

75.78

– CV

25.65

19.66

345.58

305.67

79.86

GM

31.82

18.02

241.16

137.78

84.25

– CV

33.55

7.87

276.45

201.72

83.80

GM

38.16

6.63

71.47

40.50

88.19
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Soil monitoring network
Soil volumetric water content (VWC), temperature (T), and electrical conductivity
(EC) were monitored at 15-minute intervals using 5TE sensors (Meter Group, Pullman,
WA). Soil carbon dioxide (CO2) production was measured using GMT221 sensors
(Vaisala, Helsinki, Finland), and soil O2 production was monitored using a Soil Response
O2 sensor (Apogee instruments, Logan, UT) (15-minute intervals). Each site (CV and GM)
was equipped with a meteorological station that measured ambient temperature (TA),
precipitation, photosynthetically active radiation (PAR), solar radiation, relative humidity,
and dew point at 5-minute intervals. Data included in this study were collected from July
2017 to June 2020.
Data analysis: Approach
To identify suites of soil conditions (clusters) associated with various soil O2
regimes, we employed a Kohonen unsupervised Self-Organizing Map (SOM) approach
using the kohonen package in R (Wehrens & Buydens, 2007). We used an “unsupervised
approach”, meaning we fed independent variables to the model and excluded the response
variable, O2. Furthermore, we did not constrain the number of outcome clusters (i.e., soil
condition descriptors), so that we could empirically determine the most suitable number of
clusters for our dataset. We first used exploratory data analysis to identify independent
variables with a potential to be linked to O2 variability within our sites, and to examine
meaningful ranges of O2 as the response variable. We also selected input variables by
examining component planes, which allow for the visualization of clustering according to
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each independent variable. We then ran an SOM analysis approach, which involved several
iterative steps, to optimize SOM execution and validate clusters, as described below. The
SOM mapped our multivariate dataset to a two-dimensional map/lattice, where
observations linked to similar combinations of input variables were situated in close
proximity. Finally, we compared O2 values across clusters, post hoc, to better understand
drivers of specific O2 ranges.
Data analysis: Overview of Kohonen Unsupervised Self-Organizing Map
A detailed description of the SOM algorithm can be found in Kohonen (2013) and
Underwood and others (2021). To summarize, the method clusters multivariate
observations onto a reduced-dimension lattice. Each lattice node is first assigned a vector
of random values (weights) ranging from 0 to 1. The length of this vector is equal to the
number of input variables in each observation. A single vector of input values (observed
data) is simultaneously presented to each node’s weight vector. The vector of input values
is compared to the weight vector using the Euclidian distance formula, and the lattice node
with the closest matching weight vector is designated as the best matching unit (BMU).
Weights of the nodes surrounding the BMU are updated to be more similar to the input
vector. The weight vector of the BMU, in addition to nodes surrounding the BMU (defined
as a “neighborhood”), are updated to more closely resemble the input vector. The
neighborhood function is unique to the SOM, as other clustering tools (e.g., K-means) only
update the weight vector of a single node (Merdun, 2011). The user customizes the learning
rate, α, of the neighborhood function, which controls the rate at which BMU weights are
adjusted. As each observation is presented to the lattice, α begins to shrink, as the size of
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the neighborhood is eventually reduced to one node. This process is repeated until all
observations have been presented to the lattice, which constitutes one iteration of the SOM
algorithm. Multiple iterations are executed until the algorithm converges. Once the
algorithm converges, the adjusted weight vectors will have self-organized across the lattice
such that similar observations will be aggregated together. To define clusters of
observations (i.e., nodes of the lattice containing similar weight vectors), the distance
between weight vectors is calculated using a hierarchical agglomerative clustering method
(Underwood et al., 2021).
Data analysis: Initial data processing and exploratory analysis
We first replaced missing data points (except for precipitation) with the overall
median value for each independent variable using the impute function in the R package
Hmisc (Harrell et al., 2020). We then reduced the volume of data by calculating hourly
median values for all variables. All SOM input data were therefore daily median values
calculated from the original 15-minute timestep. We calculated additional metrics to
potentially include in our dataset by computing rolling averages (for VWC, soil T, and
ambient T) and rolling sum (for precipitation) ranging from 12 hours to 2 weeks prior to
each observation to investigate the effects of antecedent soil and meteorological conditions
on soil O2 dynamics. We then performed Principal Component Analyses (PCA), a
dimensionality reduction tool, on a correlation matrix of all available independent variables
to confirm that the O2 data clustered distinctly, based on the available parameters.
Data analysis: Selection of independent variables
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We selected a suite of independent variables to include in our SOMs by first
running a SOM with all available independent variables and designated the number of
clusters (k) to 4. We observed the resulting component planes and plotted the distribution
of each variable, separated by cluster, using box and whisker plots. These component
planes (Supporting Figure 2.S1) and box and whisker plots were visually inspected to
identify parameters that explained most of the variability in the dataset (i.e., which
variables drove clustering).We excluded variables from the input dataset, such as wind
speed, relative humidity, and EC, due to a lack of distinct clustering.
Data analysis: SOM data preprocessing
We prepared the input data for the SOM by normalizing each independent variable
to a value between 0 and 1 using a range normalization technique. Range normalization
has been found to result in optimal SOM performance, as it minimizes topographic error
and quantization error (Alvarez-guerra et al., 2008). Normalization improves model
performance by ensuring different measurement units and magnitudes do not influence the
weight of each independent variable. The response variable, O2, was not presented to the
SOM, but instead, these data were examined after the analysis to assess if SOM clusters
had internally consistent ranges of O2. We also used the O2 values during data preprocessing to subdivide the associated multivariate timeseries observations into sets
associated with distinct ranges of O2 values, using the Jenks Natural Breaks optimization
method via the BAMMtools package in R (Rabosky et al., 2014).
Data analysis: SOM computation and model optimization
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We ran separate SOMs for independent multivariate data observations associated
with high and low O2 for a more refined assessment of factors associated with O2 dynamics,
and to ensure that factors associated with high O2 conditions could be parsed from factors
associated with low O2 conditions. After selecting a suite of independent variables to
include in each dataset (CV high O2, CV low O2, GM), we adjusted the number of lattice
nodes, the lattice dimensions, and the value of k to maximize between-cluster variance and
minimize within-cluster variance. It is important to optimize the dimensions of the SOM
lattice, as an unsuitable lattice configuration can distort the distribution of the input
variables across the map. We followed Vesanto’s rule (Vesanto et al., 2000) to pinpoint
the optimal number of lattice nodes. For each range-normalized dataset, we ran PCA and
calculated the ratio of the two largest eigenvalues, which approximated the column-to-row
ratio of the lattice (Cereghino & Park, 2009). A hexagonal lattice arrangement was used.
For a given dataset, to identify the most suitable number of nodes, lattice dimensions, and
k clusters, we performed several multi-iteration SOM runs and supplied the algorithm with
a range of values for these metrics. The lattice for the CV high O2, CV low O2, and GM
SOM contained 17 rows and 34 columns, 13 rows and 33 columns, and 15 rows and 27
columns, respectively. The CV high O2, CV low O2, and GM SOM lattice configuration
contained 578, 429, and 405 nodes, respectively.
SOM training was performed over 20,000 iterations, and α was set to decrease
linearly from 0.05 to 0.01. For a given dataset, the SOM iteration that maximized the
nonparametric F statistic (ratio of within-cluster to between-cluster variance) and
minimized quantization error (QE) (measure of map resolution) was selected as the final
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model run. The nonparametric F-statistic was calculated using the adonis function in R’s
Vegan package (Oksanen et al., 2019). The F-statistic for the CV high O2, CV low O2, and
GM SOM were 30891.5, 31395.1, and 32232.6, respectively. Quantization error for the
CV high O2, CV low O2, and GM SOM were 0.000505, 0.000305, and 0.000337,
respectively.
For a given dataset, to identify unique attributes of each cluster, we plotted the
(range normalized) intra-cluster mean relative to the overall mean for each input variable.
This metric was used to identify different classes of environmental conditions associated
with various O2 levels. Kruskal-Wallis tests and post hoc Dunn’s tests (with a Bonferroni
adjustment) were completed to compare inter-cluster medians of each input variable across
clusters. The cluster assignments for each observation were plotted onto an O2 time series
figure to display temporal fluctuations in classes of environmental conditions.
Results
Champlain Valley site
For the CV dataset, we performed separate SOMs for observations associated with
high (12.9%-21.5%, n=12,593) and low (0-4.3%, n=7043) O2. The SOMs (i) identified sets
of input variables that accounted for variability within the dataset and (ii) classified suites
of conditions that led to different O2 regimes. After visually inspecting component planes
of all available input variables, the input variables selected for the CV high O2 SOM (mean
O2 = 18%) were soil T (mean = 10.3 °C), 2-week cumulative antecedent precipitation
(hereafter referred to as “2-week precipitation”) (2.74 cm), VWC (0.46 m3/m3), CO2
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(3215.2 ppm), and Julian date (192) (Supporting Figure 2.S1). Four clusters maximized the
nonparametric F statistic and minimized quantization error.
Champlain Valley site: High O2 SOM
The High O2 SOM identified four distinct clusters of multivariate time series
observations (Figure 2.3 c). To categorize different suites of conditions associated with
high O2 values, for each input variable, we compared the intra-cluster mean to the overall
mean (Figure 2.3 c). The clustering analysis grouped CV high O2 data points into two main
categories: warm and dry (i.e., above average soil T and below average VWC), and cool
and wet (below average soil T and above average VWC). Two-week precipitation and CO2
values drove further clustering within those two main categories.
We highlighted O2 time series plots with the corresponding output clusters to
visualize temporal fluctuations in the conditions that drive O2 variability (Figure 2.3 b).
Oxygen at the CV site ranged from 0 to 21.5%. High O2 events, which made up 49% of
the CV O2 values, were somewhat evenly distributed among winter (26% of data points)
spring (17%), summer (25%), and fall (32%). Oxygen values were consistently high from
May 2018 through April 2019 (Figure 2.3 b), which could have been due to lower
cumulative precipitation in 2018 (928.4 mm), compared to 2019 (1027.2 mm).
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Figure 2.3. High O2 SOM results for the CV site, including (a)VWC time series with
dashed line representing mean VWC, (b) O2 time series highlighted with the four clusters
identified by the high O2 SOM, (c) bar plots displaying range normalized intra-cluster
means of each input variable (n=number of observations per cluster). Clusters that are not
shaded (represented by “NA”) correspond to O2 values outside of the high O2 range.
Soil conditions within clusters 1 and 4, which made up 62% of the CV high O2 data
points, were generally warm and dry (Table 2.2). Cluster 1, which includes 53% of data
points, is associated with average (compared to the overall mean) 2-week precipitation and
average CO2 values. Contrastingly, cluster 4, which encompassed 8.6% of data points and
had below average 2-week precipitation, was associated with the highest average CO2 of
all four clusters. There was overlap of the Julian date ranges of clusters 1 and 4 (Table
2.2). Cool and wet soil conditions (clusters 2 and 3) described 38% of data points within
the CV high O2 dataset and were associated with the highest average O2 of all clusters. Key
differences between clusters 2 and 3 include Julian date range (Oct.-Jan., and Jan.-Apr.,
respectively) and 2-week precipitation (39.9 cm and 19.2 cm, respectively) (Table 2.2).
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Table 2.2. Mean value of each input variable and O2 across 4 clusters identified by the CV high
O2 SOM. Significant differences between clusters are in bold (p<0.001).
Cluster

O2
(%)

Soil
temp.
(°C)

VWC CO2
(m3/m3 (ppm)
)

2-week
cumulative
antecedent
precip.
(cm)

Conditions

Julian date
ranges

1

17.8

15.2

0.4

3570.4

30.2

Warm/dry

Apr. – Oct.

2

18.2

3.2

0.6

493.5

39.9

Cool/wet

Oct. – Jan.

3

18.6

1.3

0.6

525.7

19.2

Cool/wet

Jan. – Apr.

4

16.8

17.7

0.4

13077.4

15.6

Warm/dry

Jul. – Sept.

Champlain Valley site: Low O2 SOM
Low O2 values were distributed somewhat uniformly among the four seasons
(winter = 32%, spring = 35%, summer = 12%, and fall = 21%). Low O2 values represented
27% of the O2 dataset and occurred intermittently throughout fall 2017 and winter 2018.
Low O2 values were observed consistently from fall (September, October November) 2019
through spring (March, April, May) 2020. There were consistent periods of low O2 during
the spring snowmelt period (April-May) of 2018, 2019, and 2020 (Figure 2.4a).
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Figure 2.4. Low O2 SOM results for the CV site, including: (a)VWC time series with
dashed line representing mean VWC, (b) O2 time series highlighted with the four clusters
identified by the low O2 SOM, (c) bar plots displaying range normalized intra-cluster
means of each input variable (n=number of observations per cluster). Clusters that are not
shaded (represented by “NA”) correspond to O2 values outside of the high O2 range.
Based on a visual inspection of the SOM component planes (Supporting Figure
2.S2), we included the same suite of input variables in the CV low O2 SOM as the CV high
O2 SOM (soil T, 2-week precipitation, VWC, CO2, and Julian date). Average values for
these variables were 5.8 °C, 3.52 cm, 0.57 m3/m3, 1635.2 ppm, and 175.2, respectively.
Median values of each input variable were significantly different between the CV high and
low O2 datasets (p <0.001). The SOM identified 5 distinct clusters for the CV low O2 SOM:
like the CV high O2 dataset, observations fell into warm and dry, or cool and wet categories
(Table 2.3). The majority of low O2 data points (69%) could be categorized as cool and
wet (clusters 1 and 3), in contrast to results for the high O2 SOM. Data points within clusters
1 and 3 had below average 2-week precipitation and CO2, and they differed in Julian date
ranges (Figure 2.4c). Clusters 4 and 5 included 9.3% of data points, which fall into a warm
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and dry category, with above average CO2. Two-week precipitation differed between these
two clusters (Figure 2.4c), as cluster 4 had average, and cluster 5 had above average 2week precipitation. Unique to the CV low O2 SOM, an additional cluster was identified
(cluster 2), which encompassed 21.5% of data points. Cluster 2 occurred throughout
October and November, and May and June and can be described as warmer than average,
with average soil moisture, despite above average antecedent precipitation, and below
average CO2 (Table 2.3).
Table 2.3. Mean value of each input variable and O2 across 5 clusters identified by the CV O2
low SOM. Significant differences between clusters are in bold (p<0.001).
Clust
er

O2
(%
)

Soil
tem
p.
(°C)

VW
C
(m3/
m3 )

CO2
(ppm)

2-week
cumulati
ve
antecede
nt
precip.
(cm)

Condition
s

Julian
date
ranges

1

1.1

2.8

0.59

611.0

22.6

Cool/wet

Nov.
Jan.

–

2

0.8

10.6

0.58

864.0

64.5

Warm/high
precip.

Oct.
Nov.
May
Jun.

–
&
–

3

0.5

2.9

0.60

470.4

27.1

Cool/wet

Jan.
May

–

4

1.4

15.3

0.42

4247.
5

33.3

Warm/dry

Jun.

5

3.5

17.6

0.37

18378
.9

42.5

Warm/dry

Jun.
Jul.
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–

Green Mountains site SOM
We included all values from the GM dataset in one SOM, as O2 values at the GM
site ranged from 0 to 0.6% (n=6921). Based on a visual inspection of the component planes
(Supporting Figure 2.S3), a unique set of input variables was chosen for the GM model:
cumulative 2-week antecedent ambient temperature (hereafter referred to as 2-week TA),
VWC, 1-week cumulative antecedent precipitation (hereafter referred to as 1-week
precipitation), and Julian date. Average values for these variables were 11.0 °C, 0.53
m3/m3, 1.99 cm, and 186.6, respectively. The low O2 SOM grouped the observations into
5 different clusters. Similar to results of the CV low O2 SOM, data points within the GM
dataset can be described as warm and dry, cool and wet, or warm and wet (Table 2.4).
Table 2.4. Inter-cluster means of each input variable and O2 identified by the GM
SOM. Significant differences between clusters are in bold (p<0.001).
Cluster O2
(%)

2-week
TA (°C)

VWC
1-week
Condition
3
3
(m /m ) cumulativ s
e
anteceden
t precip.
(cm)

Julian date
ranges

1

0.02

-5.4

0.5

6.2

Cool/wet

Oct. – Dec.

2

0

17.1

0.5

15.5

Warm/dry

May – Sept.

3

0

17.3

0.5

44.2

Warm/wet

May – Oct.

4

0

-9.9

0.5

8.6

Cool/wet

Jan. – Feb.

5

0

18.1

0.6

8.7

Warm/wet

May – Jul.
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Encompassing 25% of data points, clusters 1 and 4 can be described as cool and
wet, with differing Julian date ranges and VWC (Figure 2.5c). Clusters 3 and 5 (warm and
wet) included 28% of data points, which can be summarized as warm and wet conditions.
However, they differed in terms of 1-week precipitation and Julian date, which implies
increased soil moisture was caused by differing mechanisms (Figure 2.5 b and c). Cluster
2 encompassed 46.8% of the data points, which can be described as warm and dry, with
below average 1-week antecedent precipitation and average Julian date.
Oxygen values included in the GM SOM remained consistently at or below zero
percent throughout the entire sampling period, with the exception of an O2 event in late
December 2017 that reached 0.6% (Figure 2.5c). Clusters 1 and 4 occurred throughout
winter 2017/2018 and were associated with cool and wet soil conditions. Due to the
interference of winter weather with our instrumentation, we were not able to monitor winter
2018/2019 or 2019/2020. Clusters 2 (warm/dry), and 3 (warm/wet) occurred intermittently
from May to October 2018, and from June to September in 2019. O2 values within cluster
5 (warm/wet) occurred as isolated events each summer during the months of July (2018
and 2019) and May and June 2020.
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Figure 2.5. Low O2 SOM results for the GM site, including: (a)VWC time series with
dashed line representing mean VWC, (b) CV O2 time series highlighted with the four
clusters identified by the GM SOM. Negative O2 values, which were set to zero when fed
to the SOM, are included in this time series to show O2 variability. (c) Bar plots displaying
range normalized intra-cluster means of each input variable resulting from the GM SOM
(n=number of observations per cluster).

Discussion
SOM results confirm variable seasonal and soil moisture controls on O2
Using a unique combination of high frequency, multiple-year data and machine
learning methods, we were able to pinpoint key drivers of riparian soil O2 variability and
identify the complex combinations of variables that control soil O2 levels. Importantly, and
in contrast to traditional ecological assumptions, low O2 levels did not correspond solely
with increasing soil moisture. Indeed, high O2 levels persisted in both high and low
moisture conditions. As hypothesized, low O2 conditions instead depended on temporally
varying combinations of water inputs, water demand, and O2 demand. As a result, the
output of our unsupervised clustering analysis from both field sites (i.e., all three SOMs)
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could be placed into general categories of “warm and dry”, “cool and wet”, and “warm and
wet”. Within those distinct categories, antecedent precipitation, soil CO2, and Julian date
(i.e., season) drove further clustering.
At the CV site, the majority (69%) of low O2 values were associated with cool and
wet soil conditions (i.e., below average soil T, above average VWC) and occurred from
November to May (Figure 3). Under these conditions, a physical saturation process (as
opposed to biological O2 consumption) dominated, as the combined effects of decreased
water demand (Sevanto et al., 2006) and sufficient water inputs from precipitation likely
prevented the reaeration of soil pores (Neira et al., 2015). All low O2 values at the CV site
that were observed under cool and wet conditions were associated with below average
subsurface CO2 (used here as indicator of aerobic soil respiration), indicating that O2
consumption rates were relatively low under the majority (69%) of low O2 conditions. This
finding is consistent with those of Davidson and others (1998) and Moyano and others
(2013) who observed decreased soil respiration rates under cool and wet soil conditions
during the non-growing season, which resulted from reduced plant respiration and high soil
moisture levels impeding O2 diffusion and thus decomposition and CO2 production (Doran
et al., 1990; Moyano et al., 2013; Skopp et al., 1985). It is therefore possible that a
restriction of air exchange between the atmosphere and soil pores is necessary in order for
low levels of biological soil respiration to markedly deplete O2 before it is replenished. We
note that the effects of subtle shifts in CO2 on O2 depletion under cool and wet soil
conditions may have occurred at time scales that were finer in resolution than our SOM
input data. Therefore, analyzing a dataset of finer temporal resolution, or one that
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encompasses a shorter time period, may help detect a more significant impact of biological
O2 consumption under cool and wet conditions.
Contrastingly, most (62%) high O2 values from the CV site were associated with
warm and dry conditions that occurred during warmer months (Apr.-Oct., Figure 2.3). This
is consistent with our hypothesis that warm and dry soil conditions would inhibit soil O2
depletion by allowing O2 to readily exchange with the atmosphere via increased air-filled
pore space. However, as 62% of high O2 values were associated with above average soil
CO2 levels (clusters 1 and 4), our findings suggest that water-limitation did not suppress
soil respiration, which contradicts our hypothesis. Furthermore, these findings contradict
previous studies by Doran and others (1990) and Orchard and Cook (1983) that
documented decreased soil respiration rates resulting from elevated soil temperatures and
low soil matric potential during warm months. It is therefore likely that, under warm and
dry soil conditions at our sites, sufficient soil moisture is required to block O2 diffusion in
order for elevated soil respiration rates to sufficiently deplete O2. We note that VWC may
need to decrease below field capacity (not measured in this study) in order for water
limitation to significantly reduce soil respiration rates (Davidson et al., 1998). Additionally,
warm and dry soil conditions coincide with the growing season in temperate systems where
the combined effect of elevated plant water uptake and negative soil matric potential can
lower hydraulic conductivity (i.e., inhibit additional water inputs from percolating through
the soil matrix) (Hardie et al., 2012). Under this scenario, additional precipitation inputs
may not have resulted in increased VWC and therefore, despite elevated CO2 levels (i.e.,
high O2 demand) at this time, O2 usually remained near atmospheric levels.
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High soil moisture levels do not always lead to low O2
Although the majority of high O2 levels occurred under warm and dry conditions,
and most low O2 levels occurred under cool and wet soil conditions, we also intermittently
observed the opposite behavior. These exceptions hold key insights into the important role
of antecedent conditions in determining soil O2 regimes. For example, low O2 events
occurred in June and July under warm and dry (below average VWC) soil conditions with
above average 2-week antecedent precipitation inputs. This is evidenced by clusters 4 and
5 from the CV low O2 SOM, which accounted for 9.3% of low O2 observations (Figure
2.4). In this case, high antecedent precipitation inputs could have temporarily saturated the
soil, thus stimulating soil respiration, while simultaneously blocking O2 diffusion. This
could have triggered a significant O2 depletion that persisted even after soils dried back
down. This scenario is in agreement with the preceding warm and above average 2-week
precipitation conditions typical for cluster 2. Similar to our findings, Silver and others
(1999) found that forest soil O2 concentrations were negatively correlated with cumulative
rainfall for up to four weeks preceding O2 measurements. However, clusters 4 and 5 were
present only once throughout the entire sampling period (in June-July 2019) and occurred
together in quick succession, which indicates that these conditions were unusual for our
site.
Another example of counterintuitive patterns are occurrences of observed high O2
levels during fall, winter, and spring months (Oct.-Apr.), when conditions were cool and
wet (38.3 % of high O2 data points). Two distinct near-atmospheric O2 events occurred
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(one in Dec.-Feb. 2017/2018, the other in Nov.-Apr. 2018/2019) under such conditions
(clusters 2 and 3 from CV low O2 SOM, Figure 2), and the latter event had a relatively
long duration. This suggests that the high O2 levels were not a result of a brief O2 transition
period, but a disconnection between soil saturation and O2 depletion. Interestingly, these
conditions mirror those that resulted in low O2 levels (Table 3), indicating that decreased
soil respiration rates characteristic of clusters 2 and 3 likely did not prevent O2 depletion.
The only differences were higher 2-week precipitation values associated with low O2,
which further emphasizes the important role of antecedent conditions in O2 depletion. It is
also possible that the distinctive O2 levels resulted from oxygenated subsurface water
inputs originating from oxygenated groundwater recharge (Nelson, 2002). Regardless, our
results show that very similar soil conditions can result in distinctive O2 levels. A better
understanding of the drivers of soil O2 is therefore required to investigate such
heterogeneity.
Our results also illustrate the utility of high frequency in-situ time series in
capturing infrequent and unanticipated events, especially in cases when antecedent
conditions may alter the O2 response. Indeed, intermittent manual sampling campaigns
could either miss these events entirely, mischaracterize the commonality of their
occurrence, or have limited capacity to identify event drivers. As in-situ sensing networks
become more commonplace in soil science research, we envision increased detection of
these counterintuitive events to occur. This will ultimately change how we understand the
drivers of fluctuating O2 conditions in the soil environment, and in particular, the role of
antecedent conditions.
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Site-specific controls on the drivers of O2 regimes
We also hypothesized that, while the key controls on soil O2 are constant across
sites, site-specific characteristics control the relative impact of ecosystem water inputs,
water demand, and O2 demand, which could lead to variable O2 regimes across sites.
Indeed, the constant anoxia (O2 = 0-0.6%) and elevated VWC values (0.48-0.61 m3/m3)
observed at the GM site were likely due to unique site-specific features. The combined
effects of topography and groundwater hydrology dynamics provided a steady water supply
that created consistently saturated soil conditions. This is further evidenced by warm and
wet soil conditions unique to the GM site, indicating that soils did not dry out under
increased ambient temperatures. This finding is consistent with those of Silver and others
(1999), who found that soil O2 levels were sensitive to hydrologic inputs and were
significantly correlated with a topographic gradient spanning ridge, slope, and valley
locations. The consistently high water inputs at the GM site generated constant anoxia by
preventing the re-aeration of soil pores, and/or displacing O2. As expected, we observed
seasonal fluctuations in key O2 controls (2-week antecedent ambient T, 1-week antecedent
precipitation, VWC), but in contrast to the CV site, this resulted in steadily low O2
concentrations. These findings highlight a major disconnection between the controls on O2
and O2 dynamics. This suggests that a physical soil wetting process is the primary
mechanism controlling O2 dynamics at the GM site, and that the prevention of soil pore
reaeration or O2 diffusion prevails, thus creating a low O2 environment, regardless of
seasonal fluctuations in O2 controls.
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The topography, groundwater hydrology, and vegetation characteristics unique to
the CV site resulted in seasonal VWC fluctuations. For example, low VWC values
observed throughout the growing season at the CV site were likely the result of depleted
groundwater levels in combination with high plant water uptake by abundant sedges and
nettles (water demand), and elevated soil respiration rates (O2 demand). These conditions
facilitated O2 diffusion and reaeration of soil pores, thus restoring soil O2 to nearatmospheric levels. Under warm and dry conditions, antecedent precipitation plays an
important role in O2 depletion, as soils at the CV site can become too dry to displace O2 or
block O2 diffusion. The significant impact of antecedent precipitation conditions on soil O2
is also highlighted by Silver and others (1999), who found soil O2 levels at ridge locations
to be significantly correlated with cumulative 4-week antecedent precipitation.
Low O2 values (n= 7043) occurred less frequently than high O2 values (n = 12593)
at the CV site, which has important implications for nutrient cycling. This finding suggests
that the process of O2 depletion requires the convergence of a more specific suite of soil
conditions than high O2 levels do. Due to seasonal fluctuations in the controls on soil O2 at
our sites, low O2 values also occurred less frequently (25% of low O2 values) during the
growing season (generally early May – early Oct. in Vermont), compared to high O2 values
(61%). Nutrient cycling processes that require anaerobic soil conditions or anaerobic
microsites, such as denitrification, will not proceed if the soil environment is well aerated
(Sexstone et al., 1982). Furthermore, the growing season is a critically important time for
nutrient sequestration and transformation within agricultural watersheds (Wang et al.,
2014), as fertilizer is generally supplied to agricultural fields in early spring. High soil O2
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levels during this critical period for N mobilization could reduce soil denitrification rates,
which could have detrimental effects on nearby aquatic ecosystems.
Complications associated with predicting soil O2 based on soil moisture
The results of our clustering analysis suggest that riparian soil O2 dynamics are
controlled by a complex network of seasonally variable and location-dependent
parameters, and as such, the relationship between O2 and soil moisture is nonlinear. In
contrast to traditional ecological thought, high soil moisture does not always result in low
O2 levels, and vice versa. If we had predicted soil O2 levels at the CV site solely based on
the commonly assumed negative correlation between moisture and O2 (i.e., VWC values
that typically result in low O2; VWC= 0.5-0.6 m3/m3), 30.6% of O2 values would have been
incorrectly predicted as low, and 6.7% would have been incorrectly predicted as high
(VWC ≤ 0.4 m3/m3). In contrast, consistently high VWC observed at the GM site resulted
in consistently low O2. Therefore, although we did not observe a significant negative
correlation between O2 and soil moisture (data not shown), our predictions based on soil
moisture conditions would have been accurate. Our findings have important implications
for nutrient cycling models that rely solely on soil moisture measurements to predict soil
O2, and for empirical studies that make inferences about soil biogeochemical processes
based on O2 estimations (Rubol et al., 2012). Soil O2 dynamics strongly modulate the rate
and efficiency of microbially-mediated soil nutrient (e.g., C,N,S) cycling through shifts in
redox potential. Incorrect estimations of soil O2 can therefore result in inaccurate
predictions of critical N, C, etc., process rates. For example, much of the literature
involving the measurement of soil O2 and its relationship to soil moisture is within the
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context of climate-change driven shifts in soil moisture regimes and the subsequent effects
on C storage and soil respiration (O’connell et al., 2015; Santiago et al., 2005). These
changes in C storage are modulated by confounding effects of seasonally variable soil
moisture and temperature, as well as O2 (Davidson et al., 1998). Critical soil
biogeochemical processes not only impact watershed nutrient mobilization and
downstream water quality, but also soil greenhouse gas production. It is therefore
imperative to continue to improve our understanding of soil O2 dynamics, as they are likely
to increase in complexity as we face complications linked to a changing climate.
Our analysis uniquely incorporated data of high temporal resolution, which allowed
us to investigate and provide new insight about the mechanisms controlling O2 dynamics
within our study sites. However, the limitations of our analysis are highlighted by our
spatially constrained dataset, as we included observations from one landscape position
within two different riparian soil sites of contrasting adjacent land use. Therefore, our
results cannot be directly scaled up to predict O2 regimes across more expansive ecosystem
scales. However, our results provide information about riparian soil O2 dynamics that can
be used for larger scale pattern analysis. As the factors that control soil O2 were similar
across the two sites, the seasonal variability we observed in the key O2 controls may also
apply to other riparian soil environments located in temperate climates. This seasonal O2
framework could be an effective tool as a first pass prediction of whether O2 conditions are
conducive to aerobic or anaerobic soil processes. However, we also must consider that
various site-specific characteristics will likely affect water inputs, water demand, and O2
demand in ways that uniquely affect O2 regimes. We posit that a fruitful next step would
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be to conduct comparable analyses that leverage more spatially expansive soil sensor
networks across variable climate, topographic, hydrologic, and geologic riparian soil
environments (e.g., NEON, Critical Zone Observatories, LTER) to improve our
understanding of the drivers of soil O2 dynamics and our capacity to systematically model
soil O2 behavior and associated soil biogeochemical cycles.
Conclusions
We used a self-organizing map approach to address the widespread spatial and
temporal variability exhibited by riparian soil O2 levels. Our results show that, in contrast
to traditional ecological thought, O2 cannot reliably be predicted solely based on an inverse
relationship between O2 and soil moisture. Soil O2 is instead controlled by a diverse set of
seasonally variable parameters (antecedent precipitation, soil T, VWC, soil CO2) and
location dependent conditions (topography and groundwater hydrology) that interact to
result in a nonlinear relationship between O2 and soil moisture. Our results reveal that
increases in soil moisture do not always trigger O2 depletion, and thus, our improved
understanding of soil O2 dynamics is significant, as many process-based ecosystem and
denitrification models rely on soil moisture to estimate soil O2 availability, which strongly
modulates denitrification rates. A more nuanced understanding of soil O2 dynamics would
therefore lead to improved predictions of temporal variability in redox-controlled nutrient
cycling processes.
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Supporting figures

Figure 2.S1. Component planes for all independent variables included in the final, finetuned CV high O2 SOM run. Cool tones represent low range-normalized values; warm
tones represent high range-normalized values.

Figure 2.S2. Component planes for all independent variables included in the final, finetuned CV low O2 SOM run. Cool tones represent low range-normalized values; warm tones
represent high range-normalized values.
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Figure 2.S3. Component planes for all independent variables included in the final, finetuned GM SOM run. Cool tones represent low range-normalized values; warm tones
represent high range-normalized values.
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CHAPTER 3: MONITORING CHANGES IN DENITRIFIER COMMUNITY
COMPOSITION AND RIPARIAN SOIL CONDITIONS ALONG TEMPORAL
AND SPATIAL GRADIENTS
Abstract
Soil denitrification is a major nitrogen removal pathway that regulates nitrogen
inputs to waterways and can produce gaseous intermediates that have global warming
potentials. This process is highly variable in time and space, as its key regulators fluctuate
frequently, especially in riparian zones. Instantaneous denitrification rates reflect a biotic
response (through gene expression and enzyme production) to shifts in soil conditions. As
such, to gain an improved understanding of the mechanisms that drive denitrification
variability, soil denitrification dynamics should be studied through a microbial lens. Using
a metagenomic approach to target functional denitrification genes, we monitored seasonal
and spatial variability of denitrifier community composition and soil conditions within two
riparian zones of distinctive adjacent land use. Species diversity increased significantly
with decreasing soil oxygen and redox potential at both sites, indicating that reduced
environments provided additional niches for dominant denitrifiers to occupy. Despite
variable substrate availability across seasons and between sites, denitrifier community
composition was stable across seasons and sites. However, community composition varied
significantly between landscape positions at both sites, which was chiefly driven by
changes in soil redox, soil moisture, and oxygen. Our results suggest that long-term trends
in variables that control the availability of terminal electron acceptors for microbial
respiration strongly impact denitrifier community composition. As denitrifier community
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composition likely influences soil denitrification rates, this work suggests that assessments
of soil nitrogen removal capacity could be improved by monitoring spatial changes in
denitrifier community composition according to variability in soil redox, moisture, and
oxygen conditions.
Introduction
Soil denitrification is an essential nitrogen removal process
Soil denitrification is a critical component of nitrogen (N) cycling on Earth (Vidon
& Hill, 2004). It is a key N-removal pathway facilitated by microorganisms that utilize N
oxides as terminal electron acceptors. During this heterotrophic respiration process,
denitrifiers sequentially reduce N oxides (e.g., NO3-, NO2-, NO) to gaseous forms of N
(principally N2O and N2). This pathway therefore plays an important role in reducing inputs
of reactive N (i.e., NO3-) to aquatic ecosystems (Lyu et al., 2021; Ranalli & Macalady,
2010). Soil denitrification can also reduce the fertility of agricultural soils by inhibiting
plant N uptake (Groffman et al., 1999), and incomplete soil denitrification produces
gaseous intermediates that contribute to global warming (i.e., NO and N2O) (Obando et al.,
2019). The denitrification capacity of soils therefore has ecosystem-scale impacts on N
cycling and should be well-characterized within the terrestrial environment.
Variability in denitrification rates has not been studied extensively by targeting the biotic
community
Instantaneous denitrification rates typically increase with soil moisture, NO3-, and
organic C, and decrease in the presence of O2 (Ashby et al., 1998). Due to the dynamic
nature of these soil conditions, denitrification exhibits high spatial and temporal variability
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in the soil environment (Pinay, Roques, & Fabre, 1993). Denitrification is especially
variable in riparian zones, which experience hydrologic shifts that can trigger low O2
events and increase variability in nutrient availability. Such dynamic hydrologic conditions
characteristic of riparian zones can also lead to elevated denitrification rates, as this process
requires low O2 and sufficient NO3- and organic C supply. The observed variability in
instantaneous denitrification rates has been investigated extensively through the
monitoring of soil conditions (e.g., NO3-, O2, pH; Wallenstein et al., 2014), but the biotic
community has received considerably less research attention. Denitrifier communities
within riparian soils should not be overlooked, as the major controls on denitrification rates
first modify the soil environment in ways that trigger a biotic response. The subsequent
shifts in denitrification rates are a direct result of the microbial community’s response
(through gene expression and enzyme production) to altered environmental conditions.
Denitrifier community composition has been found to play an important role in
modulating denitrification rates
The ability to denitrify is a phylogenetically widespread trait. The community
composition of denitrifying microorganisms is therefore assessed by targeting functional
denitrification genes (i.e., genes that encode for enzymes involved in the denitrification
process), such as nirS and nirK (nitrite reductases), norB (nitric oxide reductase), and nosZ
(nitrous oxide reductase; Wallenstein et al., 2014). Although it had been commonly
assumed that denitrifier community composition did not play a significant role in
regulating denitrification rates (Linne von Berg & Bothe, 1992), new research suggests that
it does (Cavigelli & Robertson, 2000; Wallenstein et al., 2014). For example, shifts in
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denitrifier community composition were found to be significantly correlated with
variability in terrestrial N2O fluxes on the ecosystem scale (Holtan-Hartwig et al., 2000;
Palmer et al., 2012). Denitrifier community structure was also found to enhance models
that predicted potential denitrification rates in agricultural and wetland soils (Bowen, et al.,
2020). Furthermore, denitrification is a community process, as some denitrifying
microorganisms do not produce the entire suite of genes required for complete
denitrification (Zumft, 1997). These findings suggest that denitrifier communities differ in
their affinity for electron acceptors, have variable reaction rates for different denitrification
steps, and can induce denitrification enzymes at different speeds (Holtan-Hartwig et al.,
2000). Denitrifier community structure is therefore sensitive to fluctuations in
environmental conditions and thus could modulate the capacity of soils to denitrify. As
such, monitoring denitrifier community structure could improve estimates of

the

denitrification capacity of riparian soil ecosystems. (Wallenstein et al., 2014).
Differences in soil conditions across seasons and between sites and landscape positions
could result in unique denitrifier community composition
Denitrifier community composition is shaped by long term trends in C substrate
availability, soil temperature, moisture, O2, pH, predation of denitrifiers by fauna and
viruses, and disturbances (e.g., freeze/thaw, wetting/drying, anthropogenic activities)
(Nkongolo & Narendrula-Kotha, 2020; Wallenstein et al., 2014). These controls likely
fluctuate seasonally in temperate environments, as well as with site and landscape position
characteristics. For example, soil temperature and subsequent fluctuations in litter input are
strong controls on microbial community structure (Kuffner et al., 2012; Žifcáková et al.,
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2016). A plentiful source of labile C is required for denitrification to proceed (McCarty et
al., 1992). Carbon substrate availability tends to increase in autumn, as a result of C inputs
from leaf fall, which could result in seasonal and site-specific variability in denitrifier
population dynamics. Additionally, the persistence of freezing winter soil temperatures, in
contrast to warmer spring and summer months, could lead to seasonal variability in
dominant denitrifier taxa.
Denitrification is a facultatively anaerobic process and therefore proceeds under
low O2 conditions. Soil moisture levels and O2 concentrations are inherently linked and are
controlled by factors that fluctuate seasonally (e.g., precipitation, surface and subsurface
hydrologic flows, soil respiration) and with groundwater hydrology dynamics along slope
gradients (Vidon & Hill, 2004). Soil reduction-oxidation potential (ORP) is an indicator of
which terminal electron acceptors are available for microbial respiration and is impacted
by O2 and soil moisture dynamics. These factors vary in space and time and could therefore
influence denitrifier community structure on these scales (Banerjee et al., 2016).
Differences in dominant vegetation associated with various adjacent land use or landscape
positions could uniquely shape denitrifier communities (Bissett et al., 2011; Lammel, et
al., 2015).
We monitored denitrifier community structure and soil physical and chemical
conditions across various scales (season, site, landscape position) to identify drivers of
variability in riparian zone denitrifier population dynamics. We hypothesize that the key
controls on denitrifier community structure will vary significantly by season, site, and/or
landscape position, and that we will detect shifts in denitrifier community composition that
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coincide with this variability. We also predict that denitrifier a-diversity will be highest
when and where soil conditions are O2-limited and/or soil moisture is elevated.

Methods
Site description
The data used in this study were collected from two instrumented riparian soil
transects located within the Missisquoi Watershed of Lake Champlain in Vermont, USA.
One transect is situated perpendicular to a small stream called Hungerford Brook and is
located within the Champlain Valley, a primarily agricultural catchment (hereafter referred
to as the “CV” site). The other transect is perpendicular to a small stream called Wade
Brook, is located within the Green Mountains, and is situated within a 95% forested
catchment with minimal anthropogenic impact (hereafter referred to as the “GM” site)
(Landsman-Gerjoi et al., 2020). We collected soil samples from one well-drained (i.e.,
upland) and one low-laying, poorly drained location (i.e., lowland) from each transect.
The sites both experience a temperate climate with four distinctive seasons,
including snow-rich winters, followed by a snowmelt period, mild summers with
intermittent rain, and relatively wet falls with high litter input (Landsman-Gerjoi et al.,
2020). Differences in elevation between the AG (101 to 106 m above sea level) and the
FOR site (350-365 m above sea level) result in mean annual temperatures of 7.15 °C and
5.8 °C at the CV and GM sites, respectively. Additionally, mean annual precipitation is
higher at the GM (1080 mm), compared to the CV site (872 mm).
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The sites have unique groundwater hydrology characteristics that impact soil
moisture dynamics. Groundwater levels in close proximity to the CV lowland sampling
location generally decrease during the growing season (early May to early October;
average = 0.87 m below the soil surface) relative to the nongrowing season (0.38 m below
the soil surface). Near the CV upland, groundwater levels average 1.1 m below the soil
surface during the growing season and 0.88 m below the soil surface during the nongrowing
season. Groundwater levels near the CV lowland are generally more temporally variable
(coefficient of variation of 0.388), compared to the CV upland location (coefficient of
variation of 0.109). Groundwater levels in close proximity to the GM lowland sampling
location average 0.07 m below the soil surface during the growing season and 0.05 m below
the soil surface during the nongrowing season. Groundwater levels near the well-drained
sampling locations at the GM site average 0.45 m below the soil surface during the growing
season and 0.29 m below the soil surface during the nongrowing season. Temporal
variability in groundwater levels is generally similar between the GM upland (coef. of var.
of 0.26) and lowland (0.27).
The GM site is dominated by sugar maple (Acer saccharum), yellow birch (Betula
alleghaniensis), white ash (Fraxinus Americana) and red spruce (Picea rubens)
(Landsman-Gerjoi et al., 2020). Vegetation at the CV site includes American beech (Fagus
grandifolia) trees, and a variety of fern species (group Pteridophytes) and nettles (Urtica
dioica) (Landsman-Gerjoi et al., 2020). Inceptisols (i.e., Fluvaquentic Dystrudepts and
Fluvaquentic Endoaquepts) are the main soil type at the GM site (Landsman-Gerjoi et al.,
2020; Ross 2019; Soil Survey Staff 2019). Soil types at the AG site include Inceptisols
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(Aquic Dystric Eutrudepts) and Entisols from glaciolacustrine and glaciofluvial fluvial
material (i.e., Aquic Udipsamments and Fluvaquentic Dystrudepts) (Ross 2019; Soil
Survey Staff 2019).
High frequency soil sensor network
The riparian transects are instrumented with soil probes that continuously monitor
soil conditions at 15-minute intervals at a depth of 15-cm below the soil surface. We
included high frequency data collected from one upland, well-drained location (“upland”
hereafter) and one poorly drained, frequently inundated location (“lowland” hereafter) at
both transects. Soil volumetric water content (VWC) and soil temperature (soil T) are
measured with Decagon 5TE sensors (Meter Group, Pullman, WA). Soil O2 was measured
with Soil Response O2 sensors (Apogee instruments, Logan, UT), and soil CO2 was
monitored using GMT221 sensors (Vaisala, Helsinki, Finland). Oxidation reduction
potential (ORP) was measured using integrated reference electrode redox probes (Paleo
Terra, Oijen, Netherlands).
Sample collection
We collected soil samples for N and C analysis, as well as DNA sequencing,
during the late spring/early summer of 2018, late summer of 2018, fall 2018, and winter
2019. On each sampling date, we used 70% ethanol-sterilized plastic sleeves (2.54 cm
diameter) (AMS, American Falls, ID) to randomly collect six soil samples (0-10 cm)
from each sampling location, close to the instrumentation. The six soil samples from a
given sampling location were composited into one sterile plastic bag (Whirl-Pak,
Madison, WI) and were manually shaken until soils were homogenized (Tan, 2005). The
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sampling depth of 10 cm was chosen because denitrifying bacteria are most abundant in
upper soil layers (Mergel et al., 2001). A subsample for downstream molecular analysis
was taken in the field, stored in a 15-mL sterile tube, and was quick-frozen using a
portable liquid N tank (Dandie et al., 2011). Soil samples for molecular analysis remained
frozen in the liquid N tank in transit to the laboratory and were then stored in -80°C until
analysis. Soil subsamples for N and C analysis were taken in the field from the composite
samples, placed into plastic bags, and were stored at ≤ 37°C for approximately 24 hours
(N analyses) and 4 hours (C analyses) before analysis.
Soil nitrogen and carbon analyses
Field moist soils were extracted with 2.0 M potassium chloride, and concentrations
of NH4+ (Doane & Horwath, 2003) and NO3- (Weatherburn, 1967) were then measured
colorimetrically, using a microplate reader (Biotek, Winooski, VT). We used a total
organic carbon analyzer (TOC-L, Shimadzu, Columbia, MD, USA) to measure dissolved
organic C (DOC) and total dissolved nitrogen (TDN) concentrations in aqueous soil
extracts. Soil C and N concentrations were normalized based on the amount of solution and
soil used for the extractions and values were expressed in mg kg-1 dry soil. DOC and
WETN values were reported as water extractable organic C (WEOC) and water extractable
total nitrogen (WETN), respectively. We assessed the biodegradability of C in soil samples
by incubating aqueous soil extracts that were inoculated with unfiltered extract. The
inoculated extracts were continuously shaken and incubated for 7 days at 25 °C (all 2018
samples) and 4 °C (winter 2019 samples). We reported the loss of DOC and WETN over
the incubation period as biodegradable water extractable organic C (BWEOC) and
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calculated biodegradability of DOC (in %) using the method reported by Landsman-Gerjoi
and others (2020).
Metagenomic approach
We measured changes in the structure of bacterial denitrifier communities based on
functional genes that code for enzymes in the denitrification pathway (nirK, nirS, norB,
nosZ). Most denitrifier community composition analyses utilize DNA fingerprinting
techniques, such as terminal restriction fragment length polymorphism (T-RFLP) (Kim et
al., 2011; Priemé et al., 2002; Rich & Myrold, 2004) and denaturing gradient gel
electrophoresis (DGGE) (Dandie et al., 2011; Enwall, et al., 2005; Throback, et al., 2004)
to target functional denitrification genes. Both methods have low throughput (i.e., generate
a small amount of data) and rely on polymerase chain reaction (PCR) amplification of
functional denitrification genes, which is subject to bias by the efficiency of the assay.
Furthermore, T-RFLP and DGGE provide zero and limited taxonomic information,
respectively. In addition, although a whole suite of enzymes is involved in complete
denitrification, many studies that employ T-RFLP (e.g., Bowen and others (2020), Wolsing
and Prieme, 2004, and Braker and others (2001)) and DGGE, (e.g., Dandie and others
(2011), Kjellin and others (2007), and Ruiz-Rueda and others (2009)) target only one
enzyme in the denitrification pathway. We instead used a third-generation sequencing
technique developed by Oxford Nanopore Technologies that far exceeds the limitations of
commonly used DNA fingerprinting methods. Nanopore Technology sequences whole
genomes via single-molecule sequencing of long (>20 kb) DNA fragments. This allows for
efficient genome assembly and for functional gene sequences within the soil microbiome
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to be accurately matched to their taxonomic identity with high resolution (Nkongolo &
Narendrula-Kotha, 2020). Thus, we were able to target the entire soil microbiome and
extract functional denitrification genes, including nirS, nirK, nosZ, norB, without PCR
amplification bias, providing a more inclusive representation of the denitrifier community.
DNA extraction
We extracted DNA from 0.25 g of each soil sample using the NucleoSpin soil kit
(Takara Bio, Kusatsu, Shiga, Japan) according to the manufacturer instructions. We
followed the double extraction protocol to ensure ample DNA yields and used the SL2
buffer for GM samples and the SL1 and SX buffers for the CV samples.
DNA sequence processing
The reads (i.e., sequences of DNA base pairs) were obtained from a barcoded
library using a MinION sequencer (Oxford Nanopore Technologies, Oxford, UK) and were
basecalled using Guppy (v 4.2.3) in high accuracy basecalling mode. Quality control was
performed using NanoComp (v 1.10.1) to assess read length and quality across flow cells,
and read trimming and filtering was performed using NanoFilt (v 2.5.0) (Coster et al.,
2018) to remove reads shorter than 500 bp and below Q8. Taxonomic composition was
assessed using Kraken2 (v 2.1.1) and the Standard RefSeq database (available here,
updated 5/17/2021) (Wood & Salzberg, 2014). Reports for each sample were merged into
a single matrix using kraken-biom (v1.0.1) (Wood, Lu, & Langmead, 2019). The
taxonomic composition matrix was normalized based on the total number of reads in each
sample that mapped to operational taxonomic units (OTUs).
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We filtered the taxonomic data to include only bacterial genera with the ability to
produce functional denitrification enzymes. To do this, we generated an exhaustive list of
bacterial genera associated with gene sequences that encode for nirS (cd1-nitrite
reductase), nirK (copper nitrite reductase), nosZ (nitrous oxide reductase), and norB (nitric
oxide reductase) using the Fun Gene database (Fish et al., 2013). Genes sequences for narG
and napA were excluded, as they are also present in bacteria that do not denitrify
(Wallenstein et al., 2014). We then filtered the taxonomic data to include only genera in
this list. The taxonomy data were visualized in R through Rstudio (R Core Team, 2021)
using the packages ampvis (Albertsen et al., 2015) and vegan (Oksanen et al., 2019).
Statistical analyses
All statistical analyses were performed in R through RStudio (R Core Team, 2021).
We used analysis of variance ANOVA to evaluate the significance of variability in soil
physical and chemical conditions, as well as gene abundances. We calculated daily
averages of high frequency sensor data to test for differences across sites, landscape
positions, and seasons. We performed a two-way ANOVA with an interaction to detect
differences in soil physical and chemical parameters between sites for a given season (all
landscape positions included). We included data from all seasons and performed a oneway ANOVA with Tukey’s honestly significant difference test (HSD) to detect differences
in soil conditions between sites. We also performed separate ANOVAs with Tukey’s HSD
tests for each site to evaluate the significance of differences between landscape positions
(all seasons included), and seasons (all landscape positions included). If non normal

60

distributions were detected via the Shapiro-Wilk test, we instead used the non-parametric
Kruskal-Wallis test in conjunction with the post-hoc Dunn’s test.
We used non-metric multidimensional scaling (NMDS) ordination with BrayCurtis similarities to visualize spatial (i.e., site and landscape position) and seasonal
differences in denitrifier community composition. Permutational multivariate analysis of
variance (PERMANOVA) with ten thousand permutations was used to test for statistical
differences in denitrifier community composition across temporal and spatial scales, as
well as to make pairwise comparisons. We measured the diversity of OTUs (i.e., denitrifier
species) within each sample by calculating Shannon’s diversity index (Shannon, 1948)
using the R’s vegan package (Oksanen et al., 2019). Pielou’s species evenness, as well as
species richness were calculated in the vegan package. We assessed statistical differences
in species diversity metrics across seasons, sites, and landscape positions using ANOVA.
The alpha level was set to 0.05 for all significance tests. Using R’s vegan package, we
performed redundancy analyses (RDA) based on soil properties and denitrifying bacteria
at the species level to determine the key environmental factors that impacted denitrifier
community structure.
Results
Variability in soil conditions
When all seasons and landscape positions were included, soil O2 was significantly
higher (mean of 18.78%) at the CV, compared to the GM site (mean of 8.76%; P=0.014).
Mean soil temperature was slightly higher at the CV (11.05 °C), compared to the GM site
(9.76 °C), and average soil VWC was similar between sites (0.31 m3/m3 and 0.39 m3/m3 at
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CV and GM site, respectively). Soil ORP did not vary significantly by site (P=0.168) but
was higher at the CV (469 mV), compared to the GM site (256 mV) (Figure 3.1). Average
concentrations of all measured soil C and N properties were slightly higher at the CV,
compared to the GM site (P>0.05; Table 3.1).

Table 3.1. Soil biodegradable water-extractable organic carbon (BWEOC),
water-extractable organic carbon (WEOC), water-extractable total nitrogen
(WETN), ammonium (NH4+) and nitrate (NO3-) concentrations averaged
over the four sampling events. Coefficient of variation is in parentheses
(n=8). No statistically significant differences in soil properties were found
between sites (analysis of variance (ANOVA), P>0.05).
Soil property

Green Mountains site

BWEOC (%)

Champlain Valley
site
51.68 (69.08)

WEOC (mg C kg-1 soil)

3249.3 (122.02)

1909.61 (86.16)

WETN (mg N kg-1 soil)

10.2 (72.45)

5.74 (84.21)

NH4+ (mg N kg-1 soil)

2.78 (186.89)

0.76 (11.61)

NO3- (mg N kg-1 soil)

2.39 (85.17)

1.69 (22.89)
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33.57 (74.77)

Figure 3.1. High frequency soil sensor data collected from both sampling locations at the
(A-D) Champlain Valley and the (E-H) Green Mountains site for the duration of the
monitoring period. The sampling events are highlighted in gray. ORP is oxidationreduction potential and VWC is volumetric water content.
Concentrations of soil C and N were similar between landscape positions (Table
3.2), but we did detect some significant differences in physical soil conditions (i.e., soil T,
O2, VWC, ORP) at both sites (Figure 3.1). Soil VWC was significantly higher at the CV
lowland (mean of 0.41), compared to the CV upland (mean of 0.21; P=0.022), but none of
the other physical soil conditions varied by landscape position at this site (Figure 3.1). Soil
VWC was significantly higher at the GM lowland (mean of 0.54 m3/m3), compared to the
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GM upland (mean of 0.24 m3/m3; P=0.001). Soil O2 was significantly higher at the GM
upland (mean of 18.15%), compared to the GM lowland (mean of 0%; P=0). Soil ORP was
significantly higher at the GM upland (mean of 591 mV), compared to the GM lowland
(mean of -78 mV; P<0.001). Additionally, soil O2 and ORP were significantly lower at the
GM lowland, compared to the CV lowland (P< 0.001 and P=0, respectively) (Figure 3.1).
We observed some seasonal variability in soil C concentrations at both sites. Soil
WEOC varied significantly by season at both sites (data not shown). At the GM site, soil
WEOC (measured in mg C kg-1 soil) was higher in spring (mean of 2547.1; P=0.031),
summer (mean of 664.87; P=0.007), and fall (mean of 4070.36; P=0.005), compared to
winter (mean of 356.13). At the CV site, WEOC followed a similar pattern and was
significantly higher in fall (mean of 9069.71), compared to winter (mean of 1101.38;
P=0.044) and summer (mean of 257.39; P=0.032). At the CV site, soil BWEOC (measured
in %) was significantly higher in spring (mean of 85.28; P=0.004), summer (mean of 73.38;
P=0.008), and fall (mean of 48.62; P=0.034), compared to winter (mean of 0). Soil physical
conditions were relatively stable across seasons, except for soil T. Soil T varied
significantly across all seasons at both sites (P<.001) and ranged from -0.44 °C in winter
to 21.45 °C in summer at the CV site and from 1.4 °C in winter to 18.68 °C in summer at
the GM site. Additionally, soil O2 was significantly higher in winter (mean of 19.88%),
compared to summer (mean of 17.84%; P=0.04) at the CV site (Figure 3.1).
Microbial community composition and diversity
After quality control, we obtained a total of 1,294,665 high-quality reads from
nanopore sequencing of seasonally collected riparian soil samples. The reads were assigned
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to 6,837

bacterial OTUs that are associated with the production of functional

denitrification enzymes. Denitrifier species richness (i.e., number of different species
present) was similar between sites (P=0.751), across seasons at both sites (P=0.337 for
CV; P=0.317 for GM), and across landscape positions at both sites (P=0.47 for CV;
P=0726 for GM). At both sites, the upland position exhibited higher average species
richness than the lowland position (Table 3.3Table 3.2). Denitrifier species diversity,
which considers the number of different species present and their evenness (measured as
Shannon’s index, H’), did not vary significantly by site (mean of 7.61 at CV; mean of 7.47
at GM; P=0.176), and did not vary significantly by season at either site (P=0.115 and 0.975
for CV and GM, respectively). H’ was significantly higher at the GM lowland, compared
to the GM upland (P<0.001), but did not vary significantly by landscape position at the CV
site (P=0.254). Within each site, highest average H’ was observed at the lowland position
(Table 3.3Table 3.2). Evenness of denitrifier species (measured as Pielou’s evenness) did
not vary significantly by site (P=0.133), but average evenness was slightly higher at the
CV (mean of 0.878), compared to the GM site (mean of 0.854). Evenness of denitrifier
species was significantly higher at the upland, compared to the lowland location at the CV
(P=0.01) and GM site (P=0.002) (Table 3.3Table 3.2).
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Table 3.2. Soil biodegradable water-extractable organic carbon
(BWEOC), water-extractable organic carbon (WEOC), waterextractable total nitrogen (WETN), ammonium (NH4+) and nitrate
(NO3-) concentrations averaged over the four sampling events.
Coefficient of variation is in parentheses (n=4).
Soil property
BWEOC (%)

Champlain Valley
Green Mountains
site
Site
Upland Lowland
Upland Lowland
44.75
(75)

58.61
(70.9)

40.20
(78.1)

26.95
(74.3)

WEOC (mg C kg-1
soil)

2804.32
(101.2)

3694.27
(143.5)

1680.07
(112)

2139.15
(75.9)

WETN (mg N kg-1
soil)

7.61
(28.2)

12.78
(80.1)

5.93
(75.5)

5.56
(105.6)

NH4+ (mg N kg-1
soil)

0.67
(16.9)

4.89
(150.6)

0.72
(5.4)

0.79
(14.7)

NO3- (mg N kg-1
soil)

1.50
(17.8)

3.29
(85.5)

1.62
(33.4)

1.75
(14.6)
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Table 3.3. Mean values of diversity metrics for each sampling
location averaged over the four sampling events. Coefficient of
variation is in parentheses (n=4).
Diversity
metric

CV site

GM site

Upland
5887
(1.9%)

Lowland
5385
(24.1%)

Upland
5855
(1.8%)

Lowland
5671
(17.5%)

Denitrifier
Shannon’s
diversity index

7.54
(1.7%)

7.68
(2.6%)

7.28
(1.2%)

7.66
(1.2%)

Pielou’s
evenness index

0.868
(1.5%)

0.897
(0.96%)

0.840
(1.4%)

0.888
(1.6%)

Denitrifier
species richness
(no. species)

At the CV site, we observed a negative linear relationship between H’ and WEOC
(P=0.034; R2=0.74), and between H’ and 5-day antecedent ORP (P=0.046, R2=0.72,
Supporting Figure 3.S1). At the GM site, H’ was negatively correlated with O2 (P=0.0012;
R2=0.92) and ORP (P=0.002; R2=0.91) but was positively correlated with VWC (P<0.001;
R2=0.95) and species evenness (P=0.004; R2=0.88) (Supporting Figure 3.S2). At the CV
site, species richness was negatively correlated with WEOC (P=0.003; R2=0.88) and 5-day
antecedent O2 (P=0.025; R2=0.77), but we did not detect any significant linear relationships
between species richness and measured variables at the GM site (Supporting Figure 3.S1).
Species evenness was positively correlated with H’ (P=0.004; R2=0.88) and VWC
(P<0.001; R2=0.95), and negatively correlated with O2 at the GM site (P=0.003; R2=0.89,
Supporting Figure 3.S2). We did not detect any significant linear relationships between
species evenness and other parameters at the CV site.
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Denitrifier community composition did not vary significantly by site (R2=0.86;
P=0.072) but varied significantly by landscape position at the CV (R2=0.63; P=0.028) and
GM site (R2=0.77; P=0.027). There was a statistically significant interaction between site
and landscape position when data from all seasons were included (R2=0.48; P=0.012).
There were significant differences in denitrifier community composition between the CV
and GM upland (R2=0.58; P=0.03) and CV and GM lowland positions (R2=0.73; P=0.028)
(Figure 3.2) In contrast, microbial community composition was consistent across seasons
at the CV (P=0.78) and GM site (P=0.86, data not shown).

Figure 3.2. Nonmetric multidimensional scaling ordination showing differences in
composition of denitrifying bacterial communities according to site and landscape position
(n=8 for each site). CV is Champlain valley; GM is Green mountains.
We focused on investigating differences in taxonomic patterns between landscape
positions, as denitrifier community composition was steady across sites, and seasons within
a given site. The classified sequences from both monitoring sites were affiliated with a total
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of 18 phyla that were shared between the CV and GM sites. Only 1.29% of the OTUs
detected were classified as core OTUs (i.e., abundance > 0.1%). Of the 87 core OTUs
detected, 21.5% (57 OTUs) were present at both sites. Thirteen unique core OTUs were
detected at the CV site, and 17 unique core OTUs were detected at the GM site.
Proteobacteria was the most abundant phylum at both landscape positions within both
sites, followed by Actinobacteria and Bacteroidetes (Figure 3.3A). Mean relative
abundance of Bacteroidetes was lowest at the GM upland (2.2%), followed by the CV
lowland (6.4%), GM lowland (7%), and CV upland (7.2%). The highest mean relative
abundance of Firmicutes was detected at the GM lowland (5.4%), followed by CV upland
(4.1%), CV lowland (4%), and GM upland (3.3%). Deinococcus-Thermus exhibited
relatively stable abundance patterns between landscape positions at both sites. Average
relative abundance of Cyanobacteria was lowest at the GM upland (0.82%), followed by
the GM lowland (1.13%), CV lowland (1.2%), and CV upland (1.3%) (Figure 3.3A).
Bradyrhizobium, Pseudomonas, and Streptomyces, were the dominant genera at both
landscape positions within both sites. The highest average abundance of Bradyrhizobium
was detected at the GM upland (23.9%), followed by the CV upland (19%), GM lowland
(17.5%), and GM lowland (10.5%). Mean abundance of Burkholderia was lowest at the
GM lowland (1.8%), followed by the CV upland (2.3%), GM upland (2.4%), and CV
lowland (2.5%). Average abundance of Mycobacterium was lowest at the GM lowland
(1.1%), CV upland (1.3%), CV lowland (1.4%), GM upland (2.2%) (Figure 3.3B).
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Figure 3.3. Relative abundances of (A) all 18 phyla detected and (B) the 20 most
abundant (relative abundance ≥ 0.5%) denitrifying genera at the Champlain
Valley (CV) and Green Mountains (GM) site.
At each site, the upland and lowland samples were well separated through RDA
analysis (Figure 3.4), which indicates that the composition of denitrifiers was markedly
different between upland and lowland locations. At the CV site, ORP explained the most
variability in denitrifier community composition (35.4%), followed by VWC (26.3%), O2
(10.6%), WETN (13%), BWEOC (8.7%), WEOC (3.2%), and soil T (2.8%). At the GM
site, VWC explained the most variability in denitrifier community composition (28.2%),
followed by O2 (27.5%), ORP (22.8%), BWEOC (10.2%), WEOC (4.1%), soil T (3.7%),
and WETN (3.5%).
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Figure 3.4. Redundancy analyses of selected soil properties and denitrifying bacteria at the
species level at the (A) Champlain Valley (CV) site and (B) Green Mountains (GM) site.
Soil properties that were missing data points were excluded from this analysis to preserve
the sample size.
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Discussion
Soil conditions were generally stable across seasons, but some conditions varied
markedly between sites and landscape positions.
Previous research suggests that shifts in particular soil conditions shape the
community structure of denitrifying microorganisms, which could subsequently alter the
denitrification capacity of riparian soils (Cavigelli & Robertson, 2000; Wallenstein et al.,
2014). We therefore used a third-generation DNA sequencing technique to monitor
changes in riparian soil denitrifier community composition and soil conditions to identify
drivers of variability in the biotic community. We had hypothesized that soil conditions
known to shape denitrifier community composition in the long-term would fluctuate
seasonally, and across sites and landscape positions. Indeed, we detected differences
between the CV and GM site in soil conditions that impact denitrifier community structure,
including O2, soil T, soil C (i.e., WEOC, BWEOC) and soil N (i.e., WETN, NO3-, NH4+)
concentrations. The significant difference in O2 observed between sites was likely due to
variability introduced by the GM lowland position, where VWC was consistently high and
O2 was steadily anoxic throughout the monitoring period (Figure 3.1G). Soil T differed
between sites, which mirrors differences in elevation, ambient T, and snowpack depth
(Groffman et al., 2011), as well as contrasting tree canopy cover between sites (Breshears
et al., 1998). Average soil C and N concentrations were higher at the CV, compared to the
GM site (Table 3.1), which agrees with the findings of Landsman-Gerjoi and others (2020)
and could be indicative of higher nutrient availability or decreased N and C processing at
the CV site. Furthermore, fertilizer application to the agricultural field adjacent to the CV
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site could have been a source of additional nutrient inputs. Soil O2 and ORP differed
between the CV lowland and GM lowland, which reflects unique VWC dynamics observed
at each site that are likely modulated by site-specific topography and groundwater
hydrology (Vidon & Hill, 2004).
At both sites, there were some minor differences in soil C and N concentrations
between landscape positions. Soil C and N levels were higher within the CV lowland,
compared to the CV upland, whereas they were more similar between landscape positions
at the GM site (Table 3.2). Hydrologic gradients along the hillslope could have caused
substrate to accumulate within the lowland position of the CV site (Isobe et al., 2015). We
observed a lack of variability in physical soil conditions between landscape positions at the
CV site. Only soil VWC was significantly higher at the CV lowland, compared to the CV
upland, which was likely due to saturation via shallow groundwater flows. However,
despite differences in VWC, the CV upland and lowland exhibited similar O2 and ORP
conditions. Elevated VWC levels at the CV lowland prompted only subtle shifts in O2 and
ORP. The GM site, however, showed higher variability in physical soil conditions between
landscape positions, as O2, VWC, and ORP varied significantly between the upland and
lowland. Like the CV site, differences in groundwater hydrology between the GM upland
and lowland likely contributed to these contrasting soil conditions (Figure 3.1). Our results
suggest that O2 and ORP dynamics at the GM site were more sensitive to elevated VWC,
as similar moisture conditions between the CV and GM lowland led to markedly different
O2 and ORP regimes. Site differences in soil texture, porosity, and connectivity, could have
contributed to contrasting responses to high VWC between sites (Bronick & Lal, 2004).
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Soil physical conditions and nutrient concentrations were relatively consistent
across seasons. An exception was soil WEOC, which was highest during fall at both sites.
This observation is in agreement with Landsman-Gerjoi and others (2020) and is likely the
result of increased C inputs from leaf fall (Meyer et al., 1998) that exceeded rates of C
oxidation. Biodegradability of WEOC was significantly lower in winter, compared to the
other seasons at the CV site, which suggests that low soil T conditions were less ideal for
microbial utilization of organic C (Panikov et al., 2006). As expected, soil T varied
significantly across seasons at both sites. Soil O2 was higher in winter, compared to
summer at the CV site, which could have been due to oxygenated groundwater recharge.
Denitrifier community composition was stable across seasons and between sites, but
varied significantly between landscape positions
We had hypothesized that shifts in denitrifier community composition would vary
with fluctuations in soil conditions that are known to shape denitrifier community structure
in the long-term. Denitrifier community structure did not vary significantly by season at
either site, but we did detect some seasonal variability at both wetland locations (Figure
3.2). The overall lack of significant seasonal variability was somewhat unsurprising, given
that soil conditions were relatively steady across sampling dates at both sites, except for
soil T and WEOC. Additionally, DNA can persist in the soil environment for many years
and thus may not respond to short term changes (Trevors, 1996). Subtle seasonal
fluctuations in community composition within both wetland sites indicates that locationspecific conditions may impact the resiliency of denitrifier populations to environmental
changes. Although soil T is considered a strong control on competition between
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physiologically similar bacteria in soils (Gao et al., 2016; Waghmode et al., 2018), the
structural stability exhibited by the denitrifier communities across seasons suggests this
was not the case at our sites. This could indicate that the dominant denitrifier groups had
developed adaptations to temperature sensitivities, or that soil T fluctuated at a rate faster
than denitrifiers were able to respond. The spatial heterogeneity of denitrifier community
composition could have also muted the signal of seasonal differences (Kuffner et al., 2012).
Our findings are in agreement with those of Gao and others (2016), who reported seasonal
stability of nirS-bearing denitrifier communities in coastal wetland soils. Additionally,
Kuffner and others (2012), and Žifcáková and others (2016) found bacterial and fungal
community structures to be stable across seasons within temperate forest soils. The authors
noted that although the community profiles were stable across seasons, the transcription
profiles (i.e., levels of gene expression) were markedly different. Our results contradict
those of previous studies that reported significant seasonal shifts in denitrifier community
structure (Mergel et al., 2001; Wolsing & Prieme, 2004). However, as these studies utilized
PCR-based methods and separately analyzed targeted denitrifier populations containing
single functional genes (i.e., nirS, nirK), the results are not entirely comparable.
Microbial community structure is shaped by physiochemical ecosystem properties
that exhibit spatial variability (Myers et al., 2001; Wigginton et al., 2020). However,
despite significantly higher O2 and soil T, and slightly higher soil C and N concentrations
at the CV, compared to the GM site, denitrifier community composition did not differ
significantly between the two monitoring sites (Figure 3.2). This finding is consistent with
the fact that denitrifier community structure is generally not controlled by soil NO375

availability (Wallenstein et al., 2014). However, our results contradict previous studies that
report significant differences in denitrifier community composition between sites of
contrasting C substrate availability (e.g., Bossio et al., 1998; Wolsing & Prieme, 2004).
The authors suggest that abundances of dominant C-sensitive organisms likely shifted in
response to increased C inputs. The similarity of denitrifier community composition
between our sites of contrasting adjacent land use suggests that the differences in soil
conditions between sites were not substantial enough to modify denitrifier community
structure, or that we were unable to detect significant differences due to high variability
between landscape positions within a site.
Denitrifier community composition was shaped by conditions that influence the
availability of electron acceptors
Soil conditions were markedly different between the GM upland and lowland,
whereas conditions at the CV site were more similar between landscape positions, except
for VWC (Figure 3.1). Regardless, we detected significant differences in denitrifier
community composition between landscape positions at both sites (Figure 3.2). According
to RDA (Figure 3.3), ORP explained most of the variability in denitrifier community
composition at the CV site, followed by VWC, and O2. Soil ORP is a key indicator of the
availability of electron acceptors used in microbial respiration. It therefore signals which
biogeochemical processes are likely to proceed and reflects which processes have recently
occurred (Zhu & Schwatrz, 2015). Our results therefore suggest that dominant denitrifying
bacteria were sensitive to ORP fluctuations, and/or that the metabolic activities associated
with distinct denitrifier communities shifted the availability of O2 and substrate, and
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subsequently ORP levels (Chapelle, 2000). Both scenarios would suggest that distinct
denitrifier communities between the CV upland and lowland reduced O2 or N oxides at
various efficiencies and thus released N end products at different rates. As was found by
Pett-ridge and others (2006), this suggests that denitrifier community structure may be a
strong control on the availability of O2 and N oxides, and thus the potential for N-cycling
processes to proceed. At the GM site, RDA identified the same suite of variables as having
the most influence on denitrifier community composition, but VWC accounted for the most
variability, followed by O2, and ORP. As denitrification is known to occur under ORP
levels of 431-713 mV (Zhu & Schwatrz, 2015), soil conditions within the GM lowland site
were most likely not conducive for denitrification (Figure 3.1). As such, our results suggest
that denitrifiers were ubiquitous across different redox zones at the GM site, which is likely
due to their ability to respire both aerobically and use alternative electron acceptors under
hypoxia. This finding is in agreement with previous studies (Firestone & Davidson, 1989;
Pett-ridge et al., 2006), and suggests that conditions within the GM lowland were once
suitable for denitrification or aerobic respiration.
We had hypothesized that denitrifier diversity would be highest in locations with
high VWC and low O2 availability. Our results supported this hypothesis, as H’ increased
with decreasing soil O2 at the GM site and with decreasing ORP at both sites. The results
indicate that a more reduced environment supported a higher diversity of denitrifiers. As
O2-limited environments are conducive to denitrification (Rich & Myrold, 2004b), it is
reasonable that a more diverse group of denitrifiers thrived in lower O2 and ORP locations.
This result is consistent with findings of decreased denitrifier community composition
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under low soil moisture conditions (Waghmode et al., 2018). At the CV site, species
richness also increased significantly with decreasing 5-day antecedent O2, which suggests
that the recent history of O2 conditions shape the denitrifier community dynamics . O2 and
ORP conditions were generally more variable at the lowland, compared to the upland
locations (data not shown). These variable conditions could have created additional niches
for denitrifiers to occupy and thus could have supported a higher species diversity.
Conclusions
Using a metagenomic sequencing approach, we monitored variability in denitrifier
community composition in riparian soils across temporal and spatial gradients. To our
knowledge, our study is the first to uniquely leverage a third-generation sequencing
technology, as well as cutting-edge high frequency soil sensor measurements to identify
environmental conditions that shape denitrifier community composition. Our results
indicate that denitrifier communities in soils geographically far apart were structured more
similarly than soils within a few meters of each other. Highly localized hydrologic
regulators of VWC and ORP exerted a stronger control on denitrifier community
composition than did site differences in nutrient availability, soil type, adjacent land use,
and elevation. Our results suggest that denitrifier communities are resilient to changes in
such soil properties that varied by site. Redundancy analysis indicated that soil ORP, O2,
and VWC chiefly modulated denitrifier community composition within our sites, which
indicates that long-term trends in variables that control the availability of terminal electron
acceptors for microbial respiration strongly impact denitrifier community composition. As
denitrifier community composition has been linked to denitrification rates, our results
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indicate that the denitrification capacity of riparian soils may be shaped by long term trends
in ORP, O2, and VWC.

Supporting Figures

Figure 3.S1. Significant linear correlations between diversity metrics and soil conditions
at the Champlain Valley site. Water-extractable organic carbon (WEOC), O2, and
oxidation-reduction potential (ORP) values are daily averages.
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Figure 3.S2. Significant linear correlations between diversity metrics and soil conditions
at the Green Mountains site. Water-extractable organic carbon (WEOC), O2, and oxidationreduction potential (ORP) values are daily averages.
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CHAPTER 4: ASSESSING VARIABILITY IN RIPARIAN SOIL
DENITRIFICATION DURING THE SPRING SNOWMELT PERIOD
Abstract
Soil denitrification is a key N-removal process in riparian soils that exhibits high
spatial and temporal variability, making it difficult to predict when and where N-removal
will occur. The environmental controls on denitrification are well-established, but this
process has not been studied extensively through a biological lens (i.e., targeting the biotic
community). We therefore assessed variability in denitrification rates and the key
environmental (i.e., soil oxygen, soil moisture, substrate availability) and biological
controls (i.e., functional denitrification gene abundance) on that variability. We monitored
these parameters during the highly dynamic spring snowmelt period in northern Vermont,
USA within riparian soils with distinctive characteristics. The controls on denitrification
rates were site-specific and included organic C, soil moisture, and soil oxygen. Nitrifier
and denitrifier gene abundance were modulated in the long-term by the same suite of
parameters and resulted in variable gene abundance across sites and gradients of landscape
position. Overall, our results suggest that nitrifier and denitrifier populations were impacted
distally by soil conditions, but that their utility in predicting the denitrification capacity of
soils is potentially site-specific.
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Introduction
Denitrification is an important nitrogen cycling process that provides a valuable
ecosystem service
Soil denitrification plays a key role in the management of the global nitrogen (N)
imbalance resulting from post-industrial human activities (e.g., artificial N-fixation,
agricultural practices, wastewater management) (Galloway et al., 2004). This microbiallymediated process removes reactive forms of N from the terrestrial environment by
converting nitrate (NO3-), a highly bioavailable form of N and significant contributor to
eutrophication of surface waters, to gaseous forms of N. Prior to denitrification, organic N
must first be mineralized to ammonium (NH4+). Nitrifying microorganisms must then
oxidize NH4+ to nitrite (NO2-) and NO3- in a two-step process. Nitrate, a required substrate
for denitrification, is then sequentially reduced by denitrifiers to NO2-, nitric oxide (NO),
nitrous oxide (N2O) gas, and dinitrogen gas (N2). Denitrification is therefore a major
pathway for the removal of reactive N from the hydrological system and thus provides a
critical ecosystem service (Coyne, 2008; Dosskey et al., 2010).
High temporal and spatial variability of the multiple denitrification drivers make it
difficult to predict when and where denitrification will occur
Denitrifying bacteria are heterotrophic and facultatively aerobic, but denitrification
is a solely anaerobic process. As such, soil denitrification rates tend to increase in the
absence of soil O2, as well as with soil moisture levels, and organic carbon (C) and NO3availability (Petersen et al., 2012; Wallenstein et al., 2014). As these regulators (hereafter
referred to as environmental controls on denitrification) are heterogeneous within the soil
environment, soil denitrification exhibits pronounced spatial and temporal variability
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(Mcclain et al., 2003; Parkin, 1990). It is therefore very difficult to predict when and where
denitrification will occur. Riparian areas (i.e., transition zones between the terrestrial and
aquatic environment) are especially susceptible to variability in the environmental controls
on denitrification because they frequently become inundated by surface and subsurface
hydrologic flow paths (Vidon et al., 2010). Dynamic O2 and substrate conditions brought
on by shifts in riparian soil wetness can impact soil biogeochemical cycling rates,
especially denitrification.
For riparian areas in seasonally snow-covered regions, the spring snowmelt period
is a particularly dynamic time that creates high spatial and temporal variability in the
controls on denitrification. Melt water flushes surface soil layers, impacting soil moisture
and O2, groundwater recharge, solute export, and soil-to-steam hydrologic connectivity
(Grogan et al., 2020). Furthermore, a significant amount of nutrient-rich liquid water enters
surface waters, and these snowmelt loads often constitute the majority of annual riverine
loads to receiving waters in snowmelt dominated systems (e.g., the Lake Champlain Basin)
(Cade-menun et al., 2013; Pellerin et al, 2012, Rosenberg and Schroth, 2017), making the
spring snowmelt period a high impact time for water quality in snow-dominated systems.
Previous studies also report increased soil denitrification rates associated with elevated soil
temperature and moisture levels characteristic of spring snowmelt. (Baker & Vervier, 2004;
Morse et al., 2015), making it an ideal monitoring period to assess variability in the controls
on this process.
Although the environmental controls on soil denitrification have been studied
extensively and are well established (Wallenstein et al., 2014), denitrification dynamics
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have not yet been investigated sufficiently through a biological lens (i.e., the
microbial community). As the biotic community plays an important role in modulating
denitrification rates (Petersen et al., 2012), assessing variability in the abundance of
nitrifying and denitrifying bacteria (hereafter biological controls on denitrification) could
achieve a more sophisticated understanding of denitrification heterogeneity. Genes that
encode various enzymes involved in nitrification and denitrification can be quantified to
assess the size of nitrifier and denitrifier populations.
We measured the abundance of functional nitrification (ammonia monooxygenase;
amoA) and denitrification (nitrous oxide reductase; nosZ) genes, denitrification rates, and
soil physical and chemical properties to assess short-term (i.e., proximal) and long-term
(i.e., distal) variability in the environmental and biological controls on denitrification
(Wallenstein et al., 2014). We characterized differences in these parameters during spring
snowmelt, a time of high temporal (i.e., proximal) variability in soil conditions, across two
contrasting landscape positions within two different riparian sites (i.e., distal variability).
We hypothesized that gene abundance would vary systematically by site and landscape
position due to location-specific controls on soil conditions. Specifically, we expected
denitrifier gene abundance to be highest where soils were typically wet and had low O2 and
high substrate availability, and for nitrifier abundance to be highest in dry soils with low
O2 content and high substrate availability (hypothesis 1). With sufficient gene abundance
as a requirement for both nitrification and denitrification, we hypothesized that the balance
between both processes and the resulting net denitrification rate would be modulated by
controls varying in the short-term (proximal). With high soil moisture and low O2 as a
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prerequisite, we expected instantaneous denitrification rates to increase with NO3- and
organic C availability (hypothesis 2).
Methods
Site description
This study was conducted within two instrumented riparian soil transects located
within Lake Champlain’s Missisquoi Watershed in Vermont, USA. One transect runs
perpendicular to a small stream (Hungerford Brook) and is situated within the Champlain
Valley, a primarily agricultural catchment (hereafter referred to as the “CV” site). The other
transect is perpendicular to a small stream called Wade Brook, is located within the Green
Mountains, and is situated within a 95% forested catchment with minimal anthropogenic
impact (hereafter referred to as the “GM” site) (Landsman-Gerjoi et al., 2020). Data
included in this study were collected from one well-drained, upland position, and one
poorly drained lowland position within each transect. Both study sites experience a
temperate climate with four distinct seasons, including snow-rich winters (22% and 24%
of annual precipitation at CV and GM site, respectively), a snowmelt period, temperate
summers with occasional rain, and a fall season dominated by leaf fall (Landsman-Gerjoi
et al., 2020). Differences in elevation between the CV (101 to 106 m above sea level) and
the GM site (350-365 m above sea level) result in contrasting snowpack characteristics.
Snowpack at the GM site averaged 21.9 cm throughout the sampling period, whereas it
was smaller and more variable at the CV site (2.28 cm, on average).
The vegetation at the GM site is characteristic of a secondary growth northern
hardwood forest, including sugar maple (Acer saccharum), yellow birch (Betula
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alleghaniensis), white ash (Fraxinus Americana) and red spruce (Picea rubens)
(Landsman-Gerjoi et al., 2020). Soils at the GM site are Inceptisols (i.e., Fluvaquentic
Dystrudepts and Fluvaquentic Endoaquepts) (Landsman-Gerjoi et al., 2020; Ross 2019;
Soil Survey Staff 2019). In comparison, the vegetation at the CV site includes American
beech (Fagus grandifolia) trees, and a variety of fern species (group Pteridophytes) and
nettles (Urtica dioica) (Landsman-Gerjoi et al., 2020). Soil types at the CV site include
Inceptisols (Aquic Dystric Eutrudepts) and Entisols from glaciolacustrine and glaciofluvial
fluvial material (i.e., Aquic Udipsamments and Fluvaquentic Dystrudepts) (Ross, 2019;
Staff, 2019).
High frequency soil monitoring network
The riparian soil transects are part of a larger monitoring network that continuously
measures soil physical and chemical conditions on 15-minute intervals at a 15 cm depth
along a gradient of landscape positions (i.e., spanning upland and lowland locations). Soil
volumetric water content (VWC) and soil temperature (soil T) were measured with
Decagon 5TE sensors (Meter Group, Pullman, WA). Soil O2 was measured with Soil
Response O2 sensors (Apogee instruments, Logan, UT). Each site (CV and GM) was
equipped with a meteorological station that measured ambient temperature (TA) and
precipitation at 5-minute intervals.
Sampling scheme
Data included in this study were collected during eight sampling events that took
place from late February to early June 2019. The sampling schedule was designed to
capture a gradient of signals and associated conditions spanning a winter event (i.e., pre92

snowmelt; February 28), spring snowmelt signals (March 15, 30, April 4, 16, 24, and May
1), and an early summer signal (i.e., post-snowmelt; June 12). Measurements were taken
from each of the four sampling locations (GM upland, GM lowland, CV upland, CV
lowland) during each of the eight sampling events.
Denitrification rates
We measured denitrification rates from our riparian soils using the 10% kPa
acetylene (C2H2) block method, which blocks nitrification by inhibiting the ammonium
monooxygenase enzyme (Muller et al., 1998), and the conversion of N2O to dinitrogen gas
(N2) by inhibiting the N2O reductase enzyme. As a result, all denitrified N exists in the
form of N2O (Zechmeister-Boltenstern, 1994), which can be measured more accurately
with gas chromatography than N2 (Groffman et al., 1999). We performed the incubations
on intact soil cores, as it is critical to preserve the soil structure in order to measure natural
denitrification rates (Tiedje et al., 1989). Cores (1.9 cm inner diameter by 10 cm high PVC)
were taken randomly (two cores per incubation jar; two duplicate jars per sampling
location) in close proximity to the instrumentation. To ensure the C2H2 would mix
thoroughly with the soil, the soil cores were transferred from the PVC into larger diameter
plastic sleeves (2.54 cm) and remained mostly intact (AMS, American Falls, ID). The
bottom of the plastic tubing was covered with perforated parafilm to keep the core in place
and to allow for gas diffusion into and out of the plastic sleeve. After placing the soil cores
in air-tight glass jars, 10% of the headspace was evacuated with a syringe before adding
acetylene at a concentration of 10% of the head space (40 ml). Headspace samples were
taken at zero, one, two, four, and six hours, and stored in airtight vials until analysis. The
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first four headspace samples were typically taken in the field. Incubation jars were then
placed on ice in coolers to maintain ≤ 4°C and transported back to the laboratory, where
they were stored in an incubator set to the in-situ soil temperature until the hour six
headspace sample was taken. Nitrous oxide fluxes were measured using a gas
chromatograph (Shimadzu, Columbia, MD, USA). We calculated the “actual
denitrification rate” (i.e., denitrification rate without amendments added to soil) based on
the method proposed by Groffman and others (1999), which is calculated based on the rate
of N2O production between the second and sixth hour of the incubation.
Soil sample collection for nitrogen and carbon analysis, and nitrifier and denitrifier gene
abundance analysis
On each sampling date, we randomly collected six soil samples (0-10 cm) from
each sampling location (close to where cores were taken for the denitrification assay) using
70% ethanol-sterilized plastic sleeves (2.54 cm inner diameter) (AMS, American Falls,
ID). We composited and homogenized all six soil samples from a given sampling location
using sterile plastic bags. For N and C analyses, subsamples were taken from the composite
samples, placed in sterile plastic bags, and stored on ice (≤ 4°C ) in transit to the laboratory.
The samples were then stored at 37°C for about 24 hours until analysis. For downstream
gene abundance analysis, separate subsamples were taken from the composite samples and
placed inside 15-mL sterile tubes that were quick-frozen, using a portable liquid N tank
(Dandie et al., 2011). These samples were transported to the laboratory inside the liquid N
tank and then stored in -80°C, for about 10 months, until analysis.
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Nitrogen and carbon concentrations in soil and stream water
We colorimetrically measured concentrations of NH4+ (Doane & Horwath, 2003)
and NO3- (Weatherburn, 1967) in field moist soils (from subsamples mentioned above)
extracted with 2.0 M potassium chloride, using a microplate reader (Biotek, Winooski,
VT). We measured water-extractable organic C (WEOC) and water-extractable total
nitrogen (WETN) concentrations in aqueous soil extracts and stream water using a
combustion method (Swift, 1996) with a total organic carbon analyzer (TOC-L, Shimadzu,
Columbia, MD, USA). We normalized the soil C and N concentrations based on the amount
of solution and soil used for the extractions and expressed the values in mg kg-1 dry soil.
Nitrifier and denitrifier gene abundance
We measured the abundance of functional genes that encode for enzymes involved
in the nitrification (ammonium monooxygenase; amoA) and denitrification (nitrous oxide
reductase; nosZ) pathways using quantitative polymerase chain reaction (qPCR). These
genes are widely used as molecular markers for nitrifying and denitrifying bacteria in soils
(Petersen et al., 2012; Wallenstein et al., 2014). The amoA gene encodes the first enzyme
in the nitrification pathway, which oxidizes NH4+ to nitrite (NO2-). The nosZ gene encodes
the last enzyme in the denitrification pathway, which reduces N2O to dinitrogen gas (N2).
We extracted DNA from 0.25 g of each soil subsample using the NucleoSpin soil kit
(Takara Bio, Kusatsu, Shiga, Japan) according to the manufacturer instructions. We
followed the double extraction protocol to ensure ample DNA yields and used the SL2
buffer for GM samples and the SL1 and SX buffers for the CV samples.
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We performed PCR on all DNA samples to test primer specificity and to optimize
the thermal cycler settings for downstream qPCR analysis. Commonly used amoA PCR
primers (e.g., amoA-1F and amoA-2R (Rotthauwe & Witzel, 1997) or amoA-682R (Junier
& Kim, 2009)) resulted in nonspecific amplification, prompting us to develop a new
degenerate primer pair for amoA (amoA3Fd and amoA670Rd) using NCBI BLAST that
amplifies a 491-bp fragment of amoA. We used the nosZ2F and nosZ2R primer pair to
amplify a 267-bp fragment of nosZ (Henry et al., 2006). PCR was carried out in 20 ml
reactions containing 1 ml template DNA (2ng/ml), 10 ml Platinum II Hot-Start PCR Master
Mix (Invitrogen, Carlsbad CA), 0.4 ml of each primer (10 mM), and 8.2 ml nuclease-free
water and was performed using a Mastercycler gradient thermal cycler (Eppendorf,
Framingham, MA). PCR thermal cycler settings for nosZ were 1 cycle at 94°C (2 min), 40
cycles of 94°C (15 sec), 68°C (15 sec), 68°C (30 sec) (no final extension). Settings for
amoA were 1 cycle at 94°C (2 min), 40 cycles of 94°C (15 sec), 55°C (15 sec), 68°C (30
sec) (no final extension).
Quantitative PCR assays
Quantitative PCR assays were performed using a 7500 Fast Real-Time PCR System
(Applied Biosystems, Foster City, CA). PCR was carried out in 20 ml reactions containing
2 ml template DNA (2ng/ml), 10 ml Platinum II Hot-Start PCR Master Mix (Invitrogen,
Carlsbad CA), 0.4 ml of each forward and reverse primer (Table 4.1) (10 mM), and 7.2
ml nuclease-free water. Sybr Green fluorescent dye (0.8 ml) (Thermo Fisher Scientific,
Waltham, MA) was added to each qPCR reaction. Temperature settings for the nosZ qPCR
assay were 1 cycle at 94°C (2 min), 40 cycles of 94°C (15 sec), 68°C (45 sec), 1 cycle of
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95°C (15 sec), 60°C (1 min), 95°C (15 sec), 60°C (15 sec). Settings for amoA qPCR were
1 cycle at 94°C (2 min), 40 cycles of 94°C (15 sec), 55°C (15 sec), 68°C (30 sec), 1 cycle
of 95°C (15 sec), 60°C (1 min), 95°C (15 sec), 60°C (15 sec). We built standard curves for
each gene by serially diluting amplicon of known nucleic acid concentration. The primer
efficiencies for amoA and nosZ were 92.2% and 50.1%, respectively, and r2 values were
0.99 for both runs.

Table 4.1. Forward and reverse primer sequences used to replicate amoA and
nosZ via polymerase chain reaction (PCR) and quantitative polymerase chain
reaction (qPCR).
Gene

Forward
primer

Forward primer
sequence

Reverse
primer

Reverse primer
sequence

amoA AmoA3F
d

GGHTTCTACTGGT
GGTC

Amo670
Rd

CCTCKGSAACVCC
TTCTTC

nosZ

CAKRTGCAKSGCR nosZ2R
TGGCCVAA

nosZ2F
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CGCRACGGCAASA
CVGTSMSSGT

Statistical analyses
Statistical analyses were performed in RStudio. One-way analysis of variance
(ANOVA), along with Tukey’s Tests, were completed to compare group means of soil
parameters, ADR, and gene abundance between sites and landscape positions. Daily
median values for each sampling event were used to compare group means of high
frequency soil sensor data. If non-normal distributions were detected, Kruskal-Wallis tests
and post hoc Dunn’s Tests (with a Bonferroni adjustment) were completed to assess
differences in group means. Temporal variability in ADR was assessed by investigating
relationships between ADR and soil parameters using linear regression. The significance
of linear relationships was determined using F-tests.
Results
Comparison of environmental and soil conditions between sites
The GM site had a significantly larger snowpack (measured as snow depth; P =
0.01) than the CV site. Snow cover was present at the GM site 71.4% of the snowmelt
monitoring period, compared to 28.6% at the CV site. Soil T did not vary significantly by
site (P=0.34), but median soil T was more variable at the CV site. In contrast to the GM
site, where the minimum soil temperature was 2.476°C, soil temperature at the CV site
decreased below 0°C (min. of -3.831 °C) (Table 4.2). Median VWC did not vary
significantly by site (P=0.431) but was higher at the CV site and slightly more variable
(0.415; coef. var. of 0.414), compared to the GM site (0.3255; coef. var. of 0.311). Median
soil O2 was significantly higher and was less variable at the CV site (P=0.006; median of
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18.72; coef. var. of 0.276), compared to the GM site (median of 17.18; coef. var. of 0.971)
(Figure 4.1 and Figure 4.2). Soil NO3- concentration was significantly higher at the GM
site (P = 0.01). Soil NH4+ and WEOC concentrations did not differ significantly between
sites (P=0.69 and P=0.59, respectively), but median NH4+ and WEOC concentrations were
slightly higher at the GM site. Although not statistically significant (P=0.72), median soil
WETN was higher at the CV site. Stream WETN was significantly higher at the CV site
(P < 0.001). Groundwater level was significantly higher and was more variable at the GM
site (Table 4.2; P < 0.001).
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Table 4.2. Summary of soil temperature (T), nitrate (NO3-), ammonium (NH4+), soil
and stream water-extractable organic carbon (WEOC), water-extractable total nitrogen
(WETN) concentrations, groundwater levels, and snow depth from both sampling sites.
Bold indicates a significant difference between sites (P <0.05). Coef. var. is coefficient
of variation.
Parameter
Soil T (°C)

Site
Champlain Valley
Green Mountains
-1
Soil NO3 (mg N kg soil ) Champlain Valley
Green Mountains
+
-1
Soil NH4 (mg N kg soil ) Champlain Valley
Green Mountains
-1
Soil WEOC (mg C kg
Champlain Valley
soil )
Green Mountains
-1
Soil WETN (mg N kg
Champlain Valley
soil )
Green Mountains
-1
Stream WEOC (mg l )
Champlain Valley
Green Mountains
-1
Stream WETN (mg l )
Champlain Valley
Green Mountains
Groundwater level (m
Champlain Valley
below soil surface)
Green Mountains
Champlain Valley
Snow depth (m)
Green Mountains
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Median
3.346
3.429
1.64
2.36
1.23
1.35
629.86

Coef. var.
1.036
0.668
0.603
0.284
1.222
0.827
1.229

689.24
9.18

1.014
0.576

1.17
5.94
2.20
2.21
0.34
0.3601
0.0276
0
0.22

0.915
0.174
0.239
0.601
0.229
0.5466
1.077
1.88
0.97

Figure 4.1. Bar plots of actual denitrification rate (ADR) and box plots of gene abundance
collected during 7 (lowland locations) and 8 (upland locations) sampling events at the
Champlain Valley (CV) site throughout the spring snowmelt period, as well as volumetric water
content (VWC) and O2 time series for the entire monitoring period. Boxplots include all ADR
data collected throughout the entire sampling period. The red Y axis on the gene abundance plot
corresponds to amoA.

Comparison of environmental and soil conditions between landscape positions
Volumetric water content was significantly higher (P < 0.01) and more variable at
the CV lowland (median of 0.612; CV of 0.435), compared to the CV upland (median of
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0.33; CV of 0.039), but these contrasting VWC conditions did not result in significantly
different O2 levels between landscape positions (P=0.16). Median soil O2 concentration at
the CV site ranged from 16.79% at the lowland position to 18.43% at the upland position
(Figure 4.1). Soil O2 levels at the lowland position were more variable (coef. var. of 0.434),
compared to the upland site (coef. var. of 0.038). This variability was partly due to a
substantial soil O2 depletion event in mid-May during which O2 levels were reduced to
4.08%, despite relatively constant VWC, before being restored to approximately 14% in
early June, as soils began to dry (Figure 4.1b). Median soil NH4+ (P=0.81), WETN
(P=0.54) and WEOC (P=0.56) concentrations did not vary significantly by landscape
position at the CV site, but median values were higher at the CV upland, compared to the
CV lowland. Contrastingly, median soil NO3- concentration (P=0.061) and soil T
(P=0.128) were higher at the CV lowland, compared to the upland position (Table 4.3).
Soil VWC and O2 varied significantly between landscape positions at the GM site
(P < 0.001). Soil VWC was higher and more variable at the GM lowland (median of 0.549),
compared to the GM upland position (median of 0.301). Soil O2 was lower and more
variable at the GM lowland (median of 0%; coef. var. of 0.3784), compared to the upland
position (median of 18.094%; coef. var. of 0.022) (Figure 4.2). Although not statistically
significant, median soil NO3- (P=0.25) and NH4+ (P=0.08) concentrations were higher and
more variable at the GM upland, compared to the GM lowland (Table 4.3). Median soil
WETN was significantly higher at the GM upland, compared to the GM lowland position
(P=0.02). Median soil WEOC did not vary significantly by landscape position (P=0.47)
but was higher at the GM lowland (Table 4.3). WEOC concentrations were similarly
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variable between landscape positions. Median soil T was significantly higher at the GM
upland, compared to the GM lowland (P<0.001) (Table 4.3).

Figure 4.2. Bar plots of actual denitrification rate (ADR) and box plots of gene abundance
collected during 7 (lowland locations) and 8 (upland locations) sampling events throughout the
spring snowmelt period at the Green Mountains (GM) site, as well as volumetric water content
(VWC) and O2 time series for the entire monitoring period. Boxplots include all ADR data
collected throughout the entire sampling period. The red Y axis on the gene abundance plot
corresponds to amoA. nosZ gene abundance was below detection limit at the GM upland
position.

Nitrate was significantly higher at the GM upland, compared to the CV upland
(P<0.01; Table 4.3). Soil O2 was significantly higher at the CV lowland, compared to the
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GM lowland (P <0.001, Figure 4.1 Figure 4.2). Snow depth did not vary significantly by
landscape position at the CV (P=1) or GM (P=0.764 ) site, but snow depth was significantly
higher at the GM upland, compared to the CV upland (P=0.045; data not shown).
Table 4.3. Summary of soil temperature (T), nitrate (NO3-), ammonium (NH4+), waterextractable organic carbon (WEOC) and water-extractable total nitrogen (WETN) from
both sampling sites and landscape positions. Bold indicates a significant difference
between landscape positions (P <0.05). Coef. var. is coefficient of variation.
Parameter

Site

Position

Median

Upland
Lowland
Upland

7.41
7.53
1.51

Coef.
var.
1.112
1.036
0.060

Champlain Lowland
Valley
Upland

2.22
2.63

0.595
0.565

Lowland
Upland

1.23
848.44

1.554
0.480

Lowland
Upland

404.08
12.81

1.522
0.405

Lowland
Upland
Lowland
Upland
Lowland
Upland

5.81
7.32
6.17
2.64
2.31
2.09

0.829
0.720
0.651
0.325
0.171
0.754

Lowland
Upland

1.29
406.55

0.181
1.035

Lowland
Upland

958.16
12.09

1.032
0.665

Lowland

4.64

0.601

Soil T (°C)
Soil NO3- (mg N kg-1 soil
)
Soil NH4+ (mg N kg-1
soil)
Soil WEOC (mg C kg-1
soil)
Soil WETN (mg N kg
soil)

-1

Soil T (°C)
Soil NO3- (mg N kg-1 soil)
Soil NH4+ (mg N kg-1
soil)

Green
Mountains

Soil WEOC (mg C kg-1
soil)
-1

Soil WETN (mg N kg
soil)
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Variability in ADR between sites and landscape positions
Despite a larger and more consistent snowpack at the GM site, as well as higher
groundwater levels, and concentrations of soil NO3-, NH4+, and WEOC, (Table 4.2), ADR
was significantly higher at the CV site (P < 0.001), where it ranged from 4.187to 174.67
μg N kg

-1

soil day -1 (median of 35.55). When data from all sampling events and both

sampling locations within a site were combined, ADR at the GM site was more variable
(coef. var. of 1.76), compared to the CV site (coef. var. of 0.9657), ranging from 0 to 52.23
(median of 35.55) (Figure 4.1 Figure 4.2). We observed a similar magnitude of
denitrification rates between landscape positions at the CV site. Despite significantly
higher VWC at the CV lowland position (P<0.001), low soil O2 concentrations (O2 ≤ 5%)
accounted for only 4.75% of CV lowland O2 observations. Median O2 and ADR at the CV
lowland were 20% and 35.5 µg N kg

-1

soil day

-1

, respectively, and did not differ

significantly from O2 (P=0.55) and ADR (P=0.82) at the CV upland position (18.6% and
33.8 µg N kg -1 soil day -1, respectively) (Figure 4.1). We observed a higher magnitude of
ADR at the GM lowland (median of 15.82 µg N kg

-1

soil day-1 ), compared to the GM

upland position (median of 0 µg N kg -1 soil day -1) (P=0.488). Higher soil NO3-, NH4+, and
WETN concentrations at the GM upland position did not result in higher ADR at this
position, but we observed higher WEOC and soil T at the GM lowland position (Table
4.3). ADR was significantly higher at the CV upland, compared to the GM upland (P <
.01) (Figure 4.1a and Figure 4.2a).
Temporal variability in ADR
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ADR (µg N kg-1 soil day-1) at the CV upland increased with the progression of
spring snowmelt and reached a maximum of 120.96 during the June post-snowmelt signal
(Figure 4.1a). ADR at the CV lowland remained near 100 before peaking on April 9 (max.
of 174.67) and reaching a minimum of 5.19 during the June post-snowmelt signal (Figure
4.1b). ADR at the GM upland remained near zero throughout the entire monitoring period
(Figure 4.2a). Similar to the CV lowland, ADR at the GM lowland peaked on April 9.
ADR at the GM lowland then declined to 15.82 before increasing again to 18.23 during the
June post-snowmelt sampling (Figure 4.2b). We did not detect any statistically significant
correlations between ADR and any other measured soil variables at the CV or GM site
when data from both sampling locations within a site were combined.
Variability in nitrifier and denitrifier gene abundance between sites and landscape
positions
Across sites and landscape positions, a significantly higher abundance of the
denitrification nosZ gene (copies g-1 soil) (median of 2.86 x 105), compared to nitrifying
amoA gene (median of 4.35 x 103), was detected (P<0.001). The abundance of the nosZ
gene did not vary significantly between the CV (median of 2.61 x 105; coef. var. of 0.402)
and GM site (3.24 x 105; coef. var. of 0.641; P=0.34), but median nosZ gene abundance
was slightly higher and was more variable at the GM site. The abundance of the amoA
gene was significantly higher and was less variable at the CV site (median of 5.65 x 103;
coef. var. of 1.312), compared to the GM site (median of 1.85 x 103; coef. var. of 1.571;
P=0.003) (Figure 4.1 and Figure 4.2).
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Overall, median nosZ gene abundance ranged from below detection limit (≤ 256
copies) at the GM upland to 3.5 x 105 at the CV upland. Minimal detection of the nosZ
gene at the GM upland was likely due to low primer efficiency, even after exhaustive
optimization of PCR reaction conditions, cycling parameters, and testing a variety of
different primer sets for this gene. For significance tests, gene copy values below detection
limit were treated as zero. Abundance of the nosZ gene was significantly higher at the GM
lowland (median of 3.25 x105 copies), compared to the GM upland (median of 0 copies,
P<0.001), but was consistent between landscape positions at the CV site (P=0.13). nosZ
gene abundance was least variable at the CV upland (coef. var. of 0.158) and most variable
at the GM lowland (coef. var. of 0.641) (Figure 4.2). Abundance of the amoA gene was
significantly higher at the CV lowland (median of 1.99 x104, P=0.0473), compared to the
CV upland (median of 4.14 x103, but did not differ significantly by landscape position at
the GM site (P=0.137). amoA gene abundance was significantly higher at the CV upland
(median of 4.14 x 103), compared to the GM upland (median of 1.44 x 103; P=0.002), but
nosZ did not vary significantly between landscape positions across sites. amoA gene
abundance was least variable at the CV upland (coef. var. of 0.76) and most variable at the
GM lowland (coef. var. of 1.297; median of 3.45 x 103) (Figure 4.1 and Figure 4.2).
Discussion
Distal controls on gene abundance varied by site
We had hypothesized that gene abundance would vary significantly with dominant,
long-term soil conditions (i.e., distal controls), especially soil moisture and O2, and longterm soil chemistry (hypothesis 1). Over our monitoring period, soil conditions varied
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substantially between sites and according to landscape position, making our study system
an ideal testbed for these investigations. For example, the GM upland position generally
exhibited low VWC conditions and near-atmospheric O2 levels, whereas VWC at the GM
lowland position was higher, and O2 levels were anoxic for the entire monitoring period
(Figure 4.2). Contrastingly, soil O2 conditions at the CV site were similar between
landscape positions, despite higher median VWC at the CV lowland, compared to the CV
upland (Figure 4.1). Overall, both CV locations showed near atmospheric O2 values for
most of the year (with the exception of an O2 decrease at the lowland site during May).
These soil conditions are in agreement with findings of Landsman and others (2020) and
those from Chapter 2 that indicate the majority (55.5%) of O2 levels at the CV lowland are
near-atmospheric (>12.5%). This indicates that the conditions observed during our
monitoring period are reflective of a longer-term pattern of conditions at both sites and
landscape positions.
According to our hypothesis, we expected nosZ (i.e., denitrifier) gene abundance
to be highest, and amoA (i.e., nitrifier) gene abundance to be lowest, at landscape positions
where soils are typically wet, and O2 availability is generally low. The GM site exemplified
this pattern for nosZ: the wet and anoxic lowland position exhibited high nosZ gene
abundance (as expected; Figure 4.2b), while the dry and well-aerated GM upland position
exhibited very low gene abundance altogether, which might significantly limit N cycling
at this site (Figure 4.2a). Dry soil conditions at the GM upland position could explain low
gene abundance, as low enzymatic activity and substrate diffusion has been reported under
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dry soil conditions (Avrahami et al., 2007; Magalí, Bertiller et al., 2016; Stark & Firestone,
1995).
Denitrifier populations can persist in well-aerated soils and a range of soil moisture
conditions
The conditions at the CV site differed less drastically by landscape position, and O2
levels were generally high with few exceptions. We detected amoA genes at the CV upland
and lowland, which is in agreement with our hypothesis that well-aerated sites would
support a relatively higher abundance of nitrifiers (Figure 4.1). But, unlike the GM site,
denitrifier abundance was high at both landscape positions, despite soils at both locations
being well-aerated and soils at the upland location being relatively dry. In contrast to our
hypothesis, this indicates that denitrifier populations can persist in well-aerated soils with
low to elevated VWC. The presence of denitrifiers within oxic soils is consistent with their
ability to respire aerobically when O2 is abundant (Curtin & Fitzpatrick, 2011).
Long term trends in substrate availability likely favored the presence of denitrifying
genes at the CV site
At the CV site, substrate availability, rather than soil moisture and O2, may favor
the presence of denitrifying genes. Given that the CV site is located on a dairy farm with
active manure amendment to field soils, we expected long-term N availability to be higher
at the CV site. While our snowmelt dataset showed quite similar soil N and C
concentrations across sites (Table 2.1), a study on seasonal N and C variability identified
higher soil WETN and C biodegradability at the CV site (Landsman-Gerjoi et al., 2020),
which might indicate a general pattern of high C and N availability. Nitrifier abundance
was significantly higher at the CV upland, compared to the GM upland, which may be
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reflective of greater substrate availability at this site (Figure 4.1a and Figure 4.2a).
Indeed, large nitrifier populations have been reported as a function of elevated long-term
N availability (Sun et al., 2015) and C biodegradability (Lynch, 1982). In contrast,
differences in NO3- availability across sites did not lead to a consistent spatial pattern in
variability of denitrifier gene abundance (Figure 4.1 and Figure 4.2), which is consistent
with findings of Dandie and others, 2011, who found that long-term patterns in soil N
availability generally do not impact denitrifier abundance. Furthermore, past studies have
found that especially nosZ abundance has a low sensitivity to variability in distal controls,
which is likely due to the wide phylogenetic diversity of denitrifiers (Rich & Myrold,
2004a; Wallenstein et al., 2014).
Substrate availability could have modulated denitrification rates in the short term at the
CV site, but denitrification did not dominate at the GM site
With sufficient gene abundance as a prerequisite, we had hypothesized that the
balance between nitrification and denitrification, and the resulting net ADR would be
modulated by short-term (i.e., proximal) controls, including short term variations in soil
VWC, O2, WEOC, and NO3- availability. The GM upland position exhibited very low gene
abundance, and thus low ADR (Figure 4.2a). We focused on the other three sampling
locations to evaluate the impact of short-term variability in soil conditions on ADR.
For example, despite similar gene abundance and contrasting O2 dynamics between
the CV and GM lowland, the latter exhibited a lower magnitude of ADR (Figure 4.1b and
Figure 4.2b). This suggests temporal variability in substrate availability modulated ADR
in the short term, but we did not observe significant linear relationships between
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instantaneous denitrification rates and any of the measured environmental controls on
denitrification at the CV or GM site. This could have been due to high temporal variability
observed in ADR at our sites, as well as the heterogenous nature of soil denitrification rates
in space and time (Parkin, 1990). We were therefore unable to identify the measured soil
conditions that proximally controlled variability in ADR at this site. Consistently anoxic
soil conditions observed at the GM lowland could have created highly reducing (i.e., low
redox) conditions that do not support denitrification, but instead, are more conducive for
other biogeochemical processes (i.e., iron (Fe) reduction, Green & Kauffman, 1989; Silver
et al., 2013). Observations of Fe flocculate near the GM lowland are in agreement with Fe
reduction occurring at this sampling location. Furthermore, inherently high temporal and
spatial variability of soil denitrification rates could have contributed to a lack of correlation
between soil conditions and ADR (Elliott & De Jong, 1993; Tiedje et al., 1989b)
In addition to substrate availability, volumetric water content may control ADR in the
short term at the CV site
We detected a similar magnitude of ADR between the two landscape positions at
the CV site, as well as unique patterns of temporal ADR variability (Figure 4.1). An
increase in VWC at the upland position was followed by a steady rise in ADR for the
remainder of the sampling period. Furthermore, VWC at the CV lowland was consistently
elevated to the sensor’s detection limit throughout the sampling period, except for a steady
decline toward the end, when minimum ADR was observed. Our results suggest that, in
addition to substrate availability, VWC may be limiting to ADR at the CV site in the shortterm. This finding supports the idea that increases in soil moisture can block O2 diffusion
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to soil pores (Sexstone & Parkin, 1979) and trap N2O beneath the soil surface, where
denitrifiers can utilize it as an electron acceptor in the process of NO3- reduction (Granli &
Bockman, 1994). In contrast, soil O2 levels at the CV site were near-atmospheric
throughout most of the monitoring period and did not show any patterns with ADR (Figure
4.1). This implies that O2 did not limit ADR in the short term and is in agreement with
previous studies that indicate denitrifier populations can persist, and denitrification can
occur, in anoxic microsites in soils with high macropore (i.e., pore spaces between
aggregates) O2 levels (Morse et al., 2015; Németh et al., 2014; Parkin & Starr, 1987).
Site-specific characteristics control the magnitude of ADR
Despite similar gene abundance between sites, the CV site exhibited a significantly
higher magnitude of ADR than the GM site. In contrast to the GM site, where soils across
landscape positions exhibited two different extremes (very dry vs. very wet), moderate
VWC and O2 conditions exhibited by both landscape positions at the CV site appeared to
support higher ADR, regardless of gene abundance. Our results suggest that site-specific
characteristics play an important role in controlling the magnitude of ADR. This finding
also highlights a decoupling of ADR from nitrifier and denitrifier gene abundance and
indicates that soil conditions are the dominant control on short-term changes in ADR. This
result is in agreement with those of Dandie and others (2008 and 2011), and Henderson
and others (2010) who found soil denitrification rates to be uncoupled from denitrifier gene
abundance.

112

Challenges associated with denitrification measurement and molecular methods
It is important to note the potential limitations of our study, which stem from the
inherent variability of soil denitrification, as well as difficulties associated with DNA
extraction and qPCR methodology. High spatial and temporal variability of denitrification
rates can introduce some uncertainties surrounding the denitrification capacity of soils
(Parkin & Starr, 1987), which must be considered when assessing the role of denitrification
in N removal at our sites. Additionally, the presence of inhibitors (e.g., humic substances)
in soil samples can introduce bias by preventing complete DNA extraction or inhibiting
PCR reactions. Furthermore, gene abundance quantification using qPCR is subject to bias
introduced by variable primer specificity and efficiency. We therefore cannot confirm that
we isolated the entire target nitrifier and denitrifier populations or that our gene abundance
measurements do not include other unrelated genes. Indeed, we designed primers for amoA
in order to reduce nonspecific binding. nosZ primer efficiency was low, and thus we were
not able to accurately quantify relatively low gene abundance in our samples. This work
highlights the need to expand the existing database of N-cycling gene sequences, which
could lead to improved primer design and thus enhance our ability to detect N-cycling
microorganisms in the environment.
Conclusions
We assessed variability in denitrification rates and the key environmental and
biological controls on that heterogeneity using high frequency soil sensor data and
nitrifier and denitrifier gene abundance measurements. Spatial variability of nitrifier and
denitrifier gene abundance was impacted by long-term trends in soil VWC and O2, as
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well as substrate availability. Patterns of gene abundance coincided with overall trends in
ADR at the GM site, suggesting that functional nitrifier and denitrifier gene abundance
were indicators of denitrification capacity at this site. Temporal variability in ADR was
explained by WEOC and was not inhibited by high O2 availability at the CV site.
Contrastingly, we did not detect any significant correlations between ADR and measured
soil parameters at the GM site, which could indicate that the consistently low O2 at this
site promoted other, lower redox potential processes, such as Fe reduction. Overall, our
results suggest distal changes in VWC, O2, and substrate availability impact nitrifier and
denitrifier populations, but that site-specific characteristics likely impact the linkages
between denitrification and gene abundance.
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CONCLUSIONS
This dissertation leveraged a network of high-frequency soil sensors situated in
riparian zones of distinctive adjacent land use. With the to aim to better characterize
variability in soil conditions that are known to strongly control soil denitrification, we
investigated the relationship between riparian soil O2 and moisture levels (Chapter 2). Our
results indicate that O2 concentrations generally varied seasonally at our sites. For example,
most low O2 concentrations were observed during cool and wet months (i.e., winter, spring,
fall), whereas high O2 levels mostly occurred during warm and dry summer months. There
were also exceptions to this overall pattern, including high O2 events during seemingly
ideal times for O2 depletion, and low O2 during warm and dry months. Our results indicate
that several site-specific factors regulated the supply and demand of O2 and soil water,
which sometimes led to anomalous O2 events. For example, low O2 persisted during warm
summer months when antecedent precipitation was high, indicating that water inputs via
precipitation acted as a physical barrier to prevent re-aeration of soil pores.
Although many process-based ecosystem and denitrification models predict soil
O2 solely based on soil moisture measurements, the results from Chapter 2 highlight
inaccuracies associated with this simplified method. This information sheds light on the
complexity of soil O2 regimes, indicating that low soil O2 conditions conducive to
denitrification did not always occur when soil moisture is elevated. Our results suggest that
low soil O2 levels, in comparison to high O2, required the convergence of a more nuanced
set of soil conditions. This indicates that predictions of soil denitrification rates based
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solely on soil moisture regimes may be inaccurate, and thus emphasizes the need to monitor
soil O2 directly.
The results from this dissertation highlight the utility of studying the microbial
community in the context of soil denitrification. Through measurements of functional gene
abundance and denitrifier community composition, we gained a more complex
understanding of how denitrifying bacteria were shaped by the soil environment at our
sites, and to what degree the denitrification capacity of soils was influenced by the biotic
community. For example, we learned that denitrifying bacterial communities within our
riparian soils were structured remarkably similarly between sites of contrasting adjacent
land use that were located in different subwatersheds (Chapter 3), whereas communities in
close proximity within the same riparian soil transect differed significantly from each other.
Our results indicate that O2 availability, soil moisture content, and soil redox, which
differed markedly between landscape positions at the GM site, strongly modulated
denitrifier community composition at our sites. In contrast, distinctive nutrient availability
between riparian sites had considerably less influence on denitrifier community
composition.
The results from Chapter 4 indicate that instantaneous denitrification rates were
significantly higher within the CV, compared to the GM site during the spring snowmelt
period. Despite similarities in denitrifier community composition between sites, long-term
differences in substrate availability could have adjusted the magnitude of the observed
denitrification rates. Additional research is needed in order to confirm the role of elevated
C and N concentrations in higher denitrification rates at the CV site, but we can infer that
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nitrogen removal via denitrification was perhaps more critical to maintaining the N balance
at the CV site, as stream N and C concentrations were considerably higher at this site during
the snowmelt period. At first glance, conditions were seemingly ideal for denitrification at
the GM lowland position, but consistently high soil moisture at this position shifted redox
levels beyond those that are tolerated by denitrifiers.
There has been much uncertainty in the literature regarding links between the biotic
community and denitrification rates. This body of work provides evidence that this
relationship largely depends on site-specific soil conditions and hydrologic features. Our
results (Chapter 4) demonstrate that variability in denitrifier abundance and community
composition is not linked to denitrification capacity at the CV site, whereas gene
abundance appeared to be linked to denitrification rates at the GM site. To investigate this
further, we could identify thresholds of soil conditions that coincide with the presence or
absence of denitrifiers, as well as the corresponding denitrification rates. Perhaps the
Random Forest method, a machine learning technique, could be used for this type of
analysis. The results could be used to identify when or where it is particularly important to
target the denitrifier biotic community to understand denitrification dynamics.
The time-intensive nature of the acetylene-based denitrification assay we used
limited the number of measurements we could make, which prevented us from gathering
denitrification data along with samples for Oxford Nanopore sequencing in Chapter 3. A
future experiment, perhaps with additional laboratory and field assistance, could combine
data on denitrification rates with Oxford Nanopore sequencing in riparian soils of
distinctive redox regimes to assess the role of the denitrifier microbial community in
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modulating denitrification rates. It would be particularly interesting to take these
measurements at a seasonal scale, as Chapter 3 highlighted the stability of the denitrifier
community composition across seasons.
Lastly, it is important to consider our results in the context of the high spatial and
temporal variability exhibited by soil denitrification rates. This inherent characteristic
largely motivated the dissertation experiments, but it still impacts our ability to assess the
ecosystem controls on denitrification rates. Denitrification rates can vary by a few orders
of magnitude on fine temporal and spatial scales. As such, our denitrification results from
Chapter 4 are limited in their scalability on larger ecosystem scales. However, the results
from this dissertation enhance our understanding of denitrification on a mechanistic level,
as they shed light on relationships between environmental and biological controls on
denitrification, as well variability in the controls on these factors.
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